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Abstract

Rapid technological change in the last decades has led to the emergence of new platforms and
fields such as cryptocurrencies and social media data. Cryptocurrencies are decentralized digital
currencies that use blockchain technology to create a secure and decentralized environment. In
the decade since the inception of social media, it has created revolutions and connected people
with interests. Social media platforms such as Twitter allow users worldwide to share opinions,
emotions, and news. Twitter is one of the most used social media platforms worldwide. The
social media platform has millions of users where tweets are continuously shared every second.
Therefore, tweets are useful when a large amount of data is generated to conduct a social media
analysis. In addition, Twitter is broadly utilized by investors and financial analysts to gather
valuable information. Several studies have shown that the content posted on Twitter can predict
the movement of cryptocurrency prices. However, limited research has been conducted on the
dynamics of Twitter interactions on cryptocurrencies among users. By leveraging 1724328
tweets, this research aims to understand the dynamics of social media users’ interactions on
cryptocurrencies. Essentially by shedding light on larger cryptocurrencies contrary to smaller.
The findings reveal that Twitter users are more positive than negative about cryptocurrencies.
The analysis also shows an existing relationship between events and the interaction of users,
where cryptocurrency-related events shift the emotion, sentiment, and discussion topics of the
users. The thesis contributes to demonstrating the effectiveness of the Social set analysis
framework to analyze and visualize a massive amount of social media data and user-generated

data created on social media platforms such as Twitter.

Keywords: Cryptocurrency, Text analytics, Social Media Analytics, Twitter, Social Set
Analysis
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1 Introduction

The emergence and evolution of technology have significantly impacted the world where
humans discover and gain knowledge at a fast pace. Cryptocurrency is an area of interest that
has attracted much attention in the modern age. The first cryptocurrency introduced was Bitcoin
in 2008 by the acronym Satoshi Nakamoto (Kraaijeveld and De Smedt, 2020). Its decentralized
nature and ability to work seamlessly across borders made it the first cryptocurrency to gain
widespread acceptance. Bitcoin has provoked the release of many other cryptocurrencies based
on blockchain technology. Because of the rapid growth of cryptocurrencies, the importance of
social media posts and related news articles have also increased. The development of digital
cryptocurrencies has been the most contentious and obscure innovation in the modern global
economy (Derbentsev et al., 2019). Cryptocurrencies have also gained popularity for their
massive return in a short time. In the field of finance, cryptocurrencies have introduced the
concept of digital currencies, which are used to verify the transfer of funds and regulate the
generation of units of value. Cryptocurrencies are becoming more widely known globally.
Various governments and financial organizations have acknowledged their increasing
popularity. Due to the emergence of new technologies, both academic and professional
researchers have shown interest in understanding the behavior of these new assets. Because of
the popularity of cryptocurrencies, a huge amount of data has been collected by users on Twitter
and other social media platforms. This data can be used to identify trends and patterns in the

market.

The rise of social media has revolutionized how information is disseminated on the internet.
Through these platforms, users can now share their thoughts and views with a wide audience
(Bartov et al., 2018). Social media gives the public room to express sentiments about current
topics and events. Due to the rise of social media, Twitter has become a major platform for
various types of communication. This includes financial news and advice, as well as marketing
tools for cryptocurrencies. The platform contains a huge amount of emotional intelligence data
of its users. Unlike other forms of traditional media, user-generated content is typically
anonymous. Because of user-generated content characteristics, it is more continuous and
nimbly conducted than other sources, making it a more accessible information source (Bartov
etal., 2018).
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The thesis aims to study the online conversations surrounding cryptocurrencies by employing
a data-driven approach to social media. Using 1724328 tweets and employing the theoretical
lens of social set analysis, this study attempts to understand the dynamics of social media
interactions? on cryptocurrencies. This study also aims to study the interactions on and between
larger and smaller? cryptocurrencies. This thesis will attempt to answer the following research

questions:

e What are the different social media user interactions around cryptocurrencies?
e How does the user interaction vary between larger coins and smaller coins?

e How are these user interactions affected by important events?

1.1 Delimitations of the Thesis

The research involves extracting Twitter data by utilizing Snscrape i.e., a Python library for
accessing Twitter data without accessing APIs to collect and store tweets that mentions Bitcoin,
Ethereum, Uniswap and Dogecoin. Therefore, the findings of this thesis are limited by data
extracted and probably may not be generalized? to other social media platforms like Facebook,
Instagram, LinkedIn and Redditt. User-generated content typically consists of text, images and
videos (Ghani et al., 2019). The user-generated content in the thesis is limited to tweets that
only include text data. Though Twitter is available in 33 languages, the data extraction was
based on the English-language, where only Twitter posts in English were collected
(Twitter.com). The findings related to smaller and larger coins are limited to the four chosen

cryptocurrencies for this study, which are Bitcoin, Ethereum, Dogecoin, and Uniswap.

! The user interactions refer to the users’ sentiments, emotions, and discussion topics in the cryptocurrencies. This
study also employs sentiment and emotion analysis, which serves as a backdrop for further analysis of users and
events.

2 Smaller coins refer to cryptocurrencies with a lower market cap, and larger coins refer to cryptocurrencies with
a higher market cap. The market cap of a particular cryptocurrency is a tool used to measure its overall potential
and compare its value with other cryptocurrencies (Gomez, 2022).

3 The audience using twitter and have conversations here will be different as compared to Facebook or Linkedin.
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1.2 Thesis Disposition

The structure of the thesis is like that of a traditional master thesis. The structure involves nine
parts (counting introduction) — which includes a theoretical foundation, literature review,

methodology, data, analysis, findings and discussion, limitation, and conclusion.

Chapter 2 — Theoretical foundation: This chapter describes concepts related to understanding

social media analytics and the scope of cryptocurrencies.

Chapter 3 — Literature review: This chapter identifies and present literature on social media

data and cryptocurrency and describes related work and previous research.

Chapter 4 — Methodology: This chapter present the research methodology and analytical

approach for the thesis.

Chapter 5 — Data: This chapter describes the data extraction and collection for the thesis, as

well as data pre-processing.

Chapter 6 — Analysis and findings: In the analysis section, the analyses will be conducted and

presented based on the methodological approaches.

Chapter 7 — Discussion: In this chapter, the findings in the analyses will be presented and

discussed and aim to answer the research questions.
Chapter 8 — Limitations: This chapter will mention the research’s limitations.

Chapter 9 — Conclusion and implications: The last and final chapter will present the conclusion

of the research, implications for practice and the research’s contributions.
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2 Theoretical Foundations

This section reviews the theoretical foundations of social media analytics, as well as describes
concepts related to understanding the scope of cryptocurrencies. Therefore, the theoretical

background will be categorized into two parts: Social media analytics and cryptocurrency.

2.1 Social Media Analytics

According to Google Trends data, the term social media analytics has been around since 2008.
It has continuously increased since that time. Due to the increasing popularity of social media,
Social media analytics is gaining prominence among various business communities and
researchers. Social media analytics (SMA) is the method and approach of collecting data from
social media sites and blogs to analyze and evaluate the data to make decisions or conduct
research (Sponder and Khan, 2018, p. 170). It is the process of using the power of social media
data to extract valuable insight. Social media analytics is also a science that systematically
analyzes and extracts data from different social media platforms. While it provides valuable
insights, it is also an art that requires deep knowledge of various business areas to implement
effective strategies (Sponder and Khan, 2018, p. 170). The complexity of social media analytics
involves the combination of advanced tools and technology and the possibility of analyzing and

interpreting the data.

Social media analytics consists of layers such as social media text analytics. It is a type of social
media data that focuses on extracting and analyzing the data from various social media
platforms. It is commonly used to identify emerging trends and topics through insights into
textual elements such as comments, tweets, and posts (Sponder and Khan, 2018, p. 173).
Another layer is social media platforms such as Twitter, Facebook, and LinkedIn. Social media
analytics is most commonly used to measure brand loyalty, increase data traffic to media,
forecast, business intelligence, sentiment analysis, and decision-making (Sponder and Khan,
2018, p. 174). Social media analytics can be divided into descriptive, predictive, and
prescriptive analytics (Sponder and Khan, 2018, p.175). Descriptive analytics analyzes social
media text to identify user sentiments and emerging trends. It gathers and describes social media

data in contexts such as visualizations and reports and is further based on action analytics and
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some aspects of text analytics (Sponder and Khan, 2018, p. 177). Predictive analytics analyzes
large amounts of accumulated social media data to predict future patterns by analyzing
intentions expressed in social media (Sponder and Khan, 2018, p. 178). Prescriptive analytics

gives indications on the best option to act upon.

The cycle of Social media analytics is a six-step process that involves the science and art of
mining insight from data generated by social media (Sponder and Khan, 2018, p. 176). The
identification stage of Social media analytics is where the goal is to find the correct information
to analyze. The vast amount of data available over social media platforms makes it challenging
to analyze. Framing the right questions and approaches in terms of the data is essential to
gaining valuable insight (Sponder and Khan, 2018, p. 176). As well as the channel the data is

generated through, for example, Twitter data.

The second step in the cycle is extraction. This includes determining the type of data you want
to extract and the platform tools to handle it. For instance, text data can be extracted using large-
scale automated extraction through an application programming interface (API), through
programming, or other automated processes (Sponder and Khan, 2018, p. 176). The extraction
of social media data can follow privacy and ethical issues. Therefore, data extraction techniques
should not violate a user's privacy and should be handled carefully. Social media platforms
should clearly state their ownership of activities associated with data collection and processing
(Sponder and Khan, 2018, p. 177).

The third step in the cycle is cleaning unnecessary data from the extracted data (Sponder and
Khan, 2018, p. 178). Some data may need to be cleaned, while other data can be used directly
for analysis. In the cases of text analytics, the cleaning may involve coding, clustering, and

filtering using natural language processing.

The fourth step in the cycle includes analyzing the clean data to gain insight. Depending on the
complexity of the query and the algorithm used, the approach may vary. Most of the time, the
query comes across as a step-by-step process of analyzing a massive amount of data (Sponder
and Khan, 2018, p. 178).
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The fifth step is visualization. Visual analytics is essential for interpreting the analyzed data,
and it is a factor in interactive decision-making (Sponder and Khan, 2018, p. 178). An effective
tool is commonly used to visualize complex and big datasets, such as social media data. It can
reveal hidden patterns and relationships within the data. Different forms of visualization may
include multidimensional charts, graphs, tables, heat maps, plots, computer simulations, etc.
(Sponder and Khan, 2018, p. 178).

The sixth and final step involves interpretation; this includes human judgment to interpret
insight and knowledge from the visualized data (Sponder and Khan, 2018, p. 178). Two
approaches often used are producing understandable analytical results and improving analytics
to gain insight. The purpose is to make the data appear as if presented in a form that a person
will use (Sponder and Khan, 2018, p. 178).

=
Interpretatioy ~

S~ Identificati,,
‘ n
Visuaﬁzatign 7
~ Eﬂl‘action
—~
¢,
Analeing *

o

Figur 1. The Social media analytics cycle (Sponder and Khan, 2018, p. 176).
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2.1.1 Social Media

The term social media refers to computer-based platforms that enable users to connect and
communicate with each other. The information is distributed through virtual networks and
communities. It allows users to store and share information such as photos, videos, and
documents (Dollarhide, 2021). Social media is a two-way street that enables users to
communicate. Its increasing popularity has created an environment where people can freely

discuss and interact with each other (Ganis and Kohirkar, 2015, p. 20).

The use of social media as a platform to share information, knowledge, opinions, and emotions
has increased rapidly in the last decade. Social media has exploded as a form of online
discourse, and it allows people to create content, share it, and network at a massive rate. Social
media’s rapid emergence and evolution have become an integral part of society. The immense
amount of data generated by social media platforms present an opportunity to develop models

that predict future trends and provide targeted solutions (Asur and Huberman, 2010).

Social media platforms have become the primary source of information about cryptocurrencies,
and Twitter and Reddit are amongst the biggest cryptocurrency-related forums. In such
microblogging sites, it is common to reflect and share opinions. The messages on these sites
are often concise and contain only a few words. The sentiment of the posts can be negative,
positive, or neutral. This can be easily detected through an automated message detection system
and is common for firms in relation to customer feedback on products and services. Social
media influences public opinion, and mass media communication theories consider how media
outlets can influence public opinion and how they can shape it. People's opinions and

perceptions also influence the volatility of the cryptocurrency market.

Kraaijeveld and De Smedt (2020) state that due to the rise of social media platforms, investors
are more likely to rely on them for accurate information about the cryptocurrency market.
Cryptocurrency volatility is influenced by messages and posts on social media platforms
(Kraaijeveld and De Smedt, 2020). Abraham et al. (2018) observed that the rise of social media
and the increasing number of people using it impact the prices of cryptocurrencies. The more
people communicate through social media, the more the impact on the consumer’s decisions on

buying and selling increases. Social media posts and messages can easily influence the way
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people think and how they see the world. In this way, people may get motivated to take bigger

risks without realizing that the market volatility could affect them (Abraham et al., 2018).

2.1.2 Social Media as Big Data

Social media data is high in volume, velocity, and diversity. The generated data is massive;
however, capturing and analyzing all of it may be challenging. Big data can be characterized as
a type of data with many characteristics. It refers to a very large and complex type of data,
which makes it difficult or impossible to process through traditional methods (Ganis and
Kohirkar, 2015, p.66 ). According to Forbes, the first use of the term big data was made in 1997
by scientists from NASA. They talked about the challenges they faced in analyzing and

visualizing their massive datasets (Ganis and Kohirkar, 2015, p.65).

Big data has been around for quite some time, but it has only recently become more prevalent
due to the rise of social media. With the help of this type of data, businesses and people can
now analyze and visualize the various trends on the platform. Social media platforms are both
communication tools and platforms for connectivity. They allow users to exchange different
types of information. Some of these include a short text (Twitter), friendship networks
(Facebook), and instant pictures (Instagram) (Elmer et al., 2015, p.4). The communication
between people through social media generates social media data. Social media as big data are
unstructured or semi-structured and contain comments, tweets, hyperlinks, images, emoticons,
and videos. Therefore, social media data needs cleaning and transformation (Sponder and Khan,
2018, p. 172).

2.1.3 Twitter

Twitter has become a major platform for financial news and advice and a marketing tool for
cryptocurrencies because of the public discussion on the social media platform. With the rise
of social media, people have been able to express their emotions and concerns through various
platforms. In particular, Twitter has gained popularity due to its 280 character status updates.
Twitter is a social media platform that enables users to post and interact with "tweet" messages.
Its users can also "like™ and "retweet" the messages they see on the platform. Hashtags are also

used to identify a tweet. They are followed by a string of characters. This feature is also used
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to collect data about a tweet. Not only do Twitter users regularly receive live updates about
cryptocurrencies, but they also have the emotional intelligence to make informed decisions. The

social media platform has 206 million users as of the second quarter of 2021 (Twitter).

Researchers have discovered the various reasons people use Twitter. These include finding
common ground and connections and a channel to broadcast information (Zhao and Rosson,
2009). The behavioral economics in Abraham et al. (2018) states that sentiment and emotions
can affect individual behavior and decision-making. Abraham et al. (2018) utilized Twitter to
study tweet volumes and sentiments regarding price directions. Twitter has a large amount of
data that contain the emotional intelligence of cryptocurrency users and investors. Twitter is a
huge data source that provides information about any given topic. Therefore, the researchers
argue that Twitter is a great place to collect text data, especially regarding cryptocurrencies, to

explore the relationships between the sentiment in the text and prices. In addition.

2.2 Cryptocurrency

2.2.1 Background and concepts of cryptocurrency

Virtual currencies have made huge developmental leaps in the last couple of years. Earlier
forms of these electronic currencies were very innovative in their ability to transfer large
amounts of money at fast speeds (Bohr and Bashir, 2014). Bitcoin was first introduced in 2009
by Satoshi Nakamoto and is a decentralized digital currency that serves as a medium of
exchange and a store of value. Its creation was followed by other virtual currencies.
Cryptocurrency is a decentralized virtual currency that is based on blockchain technology.
Cryptocurrency is a disruptive, decentralized, and cryptographic technology that enables the
digitalization of trust (Kraaijeveld and De Smedt, 2020). It is also a source of exchange that
uses cryptography to secure financial transactions (Naimy et al., 2021). Unlike fiat money,
cryptocurrencies are not backed by any central authority and are not subject to regulation. This
characteristic makes them unbanked and thus immune to the central banking system's
interference. Therefore it provides advantages over traditional payment methods, such as speed,

high liquidity, lower transaction costs, and anonymity (Naimy et al., 2021).
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In 2008, a new decentralized digital currency called Bitcoin was launched by an anonymous
author who used Satoshi Nakamoto as a name. Its launch coincided with the publication of
Nakamoto’s revolutionary white paper, which provided a secure and robust framework for
establishing a digital currency. This formed the basis of blockchain technology (Kraaijeveld
and De Smedt, 2020). Years later, other cryptocurrencies, often referred to as altcoins, such as
Ethereum and Litecoin were developed. Over 5000 altcoins have been released, altcoins are
cryptocurrencies other than Bitcoin. The total market capitalization of cryptocurrencies is $258

billion, Bitcoin alone has a market capitalization of $179 billion

Due to the rapid growth of their value, cryptocurrencies have been the subject of various
academic and media interest. Their increasing popularity has prompted many central banks to
explore their potential as a new type of financial asset (Aslan and Sensoy, 2019).
Cryptocurrency is a general phenomenon characterized by volatility and abrupt price changes.
The lack of regulation on the global level has created an environment where risk-taking is
common. The world’s two largest cryptocurrencies in the form of market capitalization are
Bitcoin followed by Ethereum. Bitcoin is considered the first decentralized digital currency

with direct transactions between users without an intermediary.

2.2.2 Blockchain

Blockchain is a distributed ledger technology that enables digital assets to be unalterable and
transparent (Bohr and Bashir, 2014). Its decentralized nature allows people to store and record
transactions. Cryptocurrencies are powered by blockchain technology. A cryptocurrency’s
blockchain is a master public ledger that records all transactions and activities in the currency.
A blockchain is a record of all transactions that have occurred on it since it was created, and its

finite length increases over time (Bohr and Bashir, 2014).

The critical difference between a typical database and a blockchain is the data structure. A
blockchain collects data together in groups, known as blocks. When filled, the blocks are linked
to a previously filled block, and new information is added to the chain (Hayes, 2022a). A
database typically stores its data in rows and columns. On the other hand, a blockchain
structures its data into blocks that are strung together. The data structure makes an irreversible

timeline of data when implemented in a decentralized nature. When a block is filled it is eternal
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and becomes a part of this timeline. Every block in the chain is given an exact timestamp when
added to the chain (Hayes, 2022a). The success of cryptocurrencies is primarily linked to their
ability to reduce transaction costs. Some researchers believe that cryptocurrencies could provide

users with more autonomy and lower costs (Mnif et al., 2021).

2.2.3 Decentralized Finance (DeFi)

DeFi stands for decentralized finance and is a system where financial products are available on
a public decentralized blockchain network (Sharma, 2021). DeFi is a term that describes the
various financial applications in cryptocurrency and blockchain which aims to disrupt financial
intermediaries. DeFi is open for everyone to use and is not dependent on a public decentralized
blockchain network. Unlike a bank account or brokerage account, DeFi-compatible software
can be used to transact without requiring a government-issued ID or proof of address (Sharma,
2021). Most DeFi applications are built on Ethereum technology, such as Ethereum's platform
for smart contracts. It is governed by smart contracts, which are digital self-executing and can
be used to carry out transactions (Eaton). In this way, intermediaries are removed. DeFi tokens
in 2021 can be used for many financial services, such as mortgages, loans, asset trading, and
contracts, without needing an intermediate platform. In this paper, the focus in regards to DeFi

coins will be on Uniswap.

2.2.4 Meme coins

Meme coins are digital tokens inspired by popular memes and jokes about cryptocurrencies.
Meme coins are associated with a theme. They usually gain popularity in a short time and are
often gain hyped by notable influencers on social media (Frankenfield, 2021). Meme coins are
Altcoins, which are cryptocurrencies other than Bitcoin. They share similar characteristics with
Bitcoin but stand out. Meme coins are crypto assets and are a category of cryptocurrencies and
tokens that occurred due to a joke, generally derived from the internet (Thomas, 2021). Tesla
CEO Elon Musk is known to frequently post cryptic tweets about the meme coin Dogecoin,
which often moves their prices and causes fluctuations. In December 2021, Elon Musk tweeted
that Tesla merchandise would be buyable with Dogecoin. The announcement generated a price

increase of 20% (Browne, 2021). The meteoric rise of these cryptocurrencies was widely
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attributed to pure speculation (Frankenfield, 2021). In this thesis, the focus in regards to Meme

coins will be on Dogecoin.

2.2.5 Selected coins

The selected coins for the research are Bitcoin, Ethereum, Dogecoin, and Uniswap. In terms
of market capitalization, Bitcoin and Ethereum rank the number one and two globally.
Dogecoin and Uniswap are considered smaller coins in market cap. The market cap of a
cryptocurrency is the total value of its circulating supply. It is similar to that of the stock

market's free-float capitalization.

Bitcoin

Bitcoin is considered the world's first blockchain technology and was founded in 2009
(Frankenfield, 2022). Since then, Bitcoin has become the benchmark for other cryptocurrencies.
Bitcoin was created by the pseudonymous Satoshi Nakamoto. Bitcoin was founded on the idea
of a peer-to-peer cash system and was developed using a decentralized network that's based on
cryptography (Frankenfield, 2022). Bitcoin is created, distributed, traded, and stored on
blockchain technology. Bitcoin has a market cap of approximately 550 billion USD per May
2022 (CoinMarketCap, 2022).

Ethereum

Ethereum is the world's second-largest cryptocurrency. Its main purpose is to provide a secure
and transaction-oriented environment. Ethereum is built on Bitcoin's innovation, but with some
significant differences (Ethereum.org). Ethereum is also a programmable digital money
platform. It can be used to purchase digital goods and services without intermediaries
(Ethereum.org). Ethereum is also a marketplace where people can buy and sell digital goods
and services. Ethereum's technology is an expansion of the concept behind Bitcoin. As well as
being a currency, it is also a global decentralized technology network. Ethereum has a market
cap of approximately 235 billion USD per May 2022 (CoinMarketCap, 2022).
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Dogecoin

Dogecoin is the biggest original meme coin at the moment. Launched in 2013, Dogecoin is an
open-source cryptocurrency. Dogecoin is a cryptocurrency that uses blockchain technology and
is a distributed digital ledger that enables secure transactions (Rodeck, 2021). Dogecoin can be
used for making purchases and payments. Dogecoin reached an all-time high of $0.74 in May
2021 (Thomas, 2021). The creation of Dogecoin was a joke or a parody of bitcoin, but it quickly
became a popular commodity. Its participation in the cryptocurrency bubble sent its values up
significantly. Despite losing much of its value, it still has a following generated from posts on
social media platforms such as Twitter and Reddit (Frankenfield, 2021). Dogecoin has a market
cap of approximately 11 billion USD per May 2022 (CoinMarketCap, 2022).

Uniswap

Uniswap is a leading decentralized crypto exchange that uses the Ethereum blockchain (Leech,
2021). Uniswap was created in 2018 by Hayden Adams, a former mechanical engineer (Leech,
2021). Uniswap is a decentralized exchange that enables people to trade in $1 billion or more
in daily crypto. Its market value is $12 billion (Leech, 2021). In traditional exchange, the price
of an asset is regulated between the bid and ask. On DeFi coins such as Uniswap, prices are
also based on market makers and their understanding of supply and demand (Angeris and
Chitra, 2020). Uniswap has a market cap of approximately 3 billion USD per May 2022
(CoinMarketCap, 2022).
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3 Literature review

This section will identify and appraise literature on social media data and cryptocurrency. First,
the literature review search strategy will be presented, followed by a presentation of related
work and previous research. Lastly, the purpose and objective of the research will be accounted

for, as well as the knowledge gap and contribution.

3.1 Literature review search strategy

A systematic search was carried out to critically review the literature for the concepts and
analysis in the thesis. The search process was carried out according to conditions set in the early
stages. The goal of the process was to narrow down the list of possible sources of information

to only be left with those that are relevant to the research.

Rousseau et al. (2008) suggested a four-step procedure when conducting a systematic literature
review. This approach aims to provide a comprehensive and transparent analysis by identifying
central literature by analyzing and interpreting the chosen studies (Rousseau et al., 2008). This
method will be implemented as the literature review search strategy. The first step is to
formulate research questions, which are further debated and revised until appropriate for the
intended objectives (Rousseau et al., 2008). Second, comprehensive identification of relevant
research is conducted by identifying relevant and high-quality literature from scientific search
databases (Rousseau et al., 2008). Third, the research questions are used as the starting point
for analyzing and selecting articles (Rousseau et al., 2008). Fourth, a synthesis of the findings

is performed (Rousseau et al., 2008).

The literature search mainly focused on utilizing databases and considered journal articles and
conference publications from three databases related to the field of computer science. The
literature search was conducted by gathering secondary data from global leading academic
journals and publications, focusing on peer-reviewed articles. Consequently, articles and
publications were first and foremost gathered from the database of IEEE (Institute of Electrical
and Electronics Engineers), ACM (Association for Computing Machinery) and Elviser/Science

Direct, specifically “International Journal of Information Management Data Insights.” In
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addition, the research database at Kristiania University College’s library, “Oria” was utilized.
The research process was narrowed down by using terms and keywords to find articles that are
directly connected to my field of research. Table 1 summarizes the search terms and keywords
used for the systematic literature review. The search included identifying the most relevant
articles that analyzed the social media data from 2016 to 2022. The field of social media
analytics is a fast-moving and progressing field. For this reason the relatively short timeframe
was chosen. The search process consists of a comprehensive and extensive systematic search

to retrieve relevant literature.

Search terms and :
Databases Fields
keywords
"Social media analytics™
“Social media analysis”
AND “cryptocurrency” IEEE Title,
ACM Abstract,
“Social media data” AND | Elviser/Science Direct Keywords,
“cryptocurrency”’ Oria Year
"“Big data analysis” AND
“cryptocurrency”

Table 1. Keywords and databases

Papers with relevance to the search were categorized according to:

e Relevance to the field of social media analytics

e Research related to cryptocurrency

The literature extracted from databases was then categorized according to its relevance. This
method utilizes a ranking system that considers the number of search terms in each article. The
relevance of an article was assessed by thoroughly examining titles, abstracts, keywords and
year of the paper. Additionally, by using filters in the database the search was optimized. The
additional strategy included searching in Google Scholar, to find literature in various academic
disciplines. However, it was a point to sort by the number of citations because this shows the

publication's reliability.
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3.2 Related work

In this section, a brief review of related work will be presented using big data methods, machine
learning and descriptive analysis of social media data. The state of the art related to the recent

stages of social media analytics will also be presented.

3.2.1 Big data methods on social media data

The popularity of cryptocurrency has led to a huge amount of data generated from social media
platforms such as Twitter. Big data methods can help identify trends and patterns in activities
in the cryptocurrency market. The massive amount of data collected by users through these

platforms has been the result of their daily activities and background details.

Researchers have developed a conceptual model based on the characteristics of analytics on
social media. Figure 2 summarizes the classification of methods in big data analytics on social
media. This conceptual model reflects the categorization of big data analytics based on previous
research about social media data such as Kim and Hastak (2018), Stieglitz et al. (2018), and
Ghani et al. (2019). The field of social media analytics has the objective of combining,

extending, and adapting various approaches for analyzing data generated in social media.

l Big Data analytics on Social Media ‘

[ I | |

Data Sources Characteristics ‘ Computational Intelligence

Techniques |

Microblogging —b-‘ Descriptive ‘ —#= Artificial Neural Networks Madeling |

News Articles ‘
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Social network analysis |

Swarm Intelligence ‘

Diagnostic = Fuzzy Systems "( Sentiment Analysis

Text mining |
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IR T T T 2
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RIS
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Figur 2. Classification of Big Data Analytics on social media (Adopted from Ghani et al., 2019)
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According to Zachlod et al. (2022), the majority of social media data stems from Twitter, while
sentiment and content analysis are the current prevailing methods. Further, Ghani et al. (2019)
state that 46% of current studies on social media data are analyzed on Twitter data rather than
other social media sources. A total of 17% typically perform analysis on reviews, as well as
views and opinions collected by users on the platform. Most studies on social media data also
focus on microblogs as their primary source of data. They typically perform sentiment analysis,
classification, and text analysis. Recent work on big data methods on social media is related to
natural language programming, sentiment analysis, social network analysis, and news analytics
(Ghani et al., 2019).

One of the most popular big data techniques used in social media analysis is text mining, which
is a type of information extraction that can be performed from various types of unstructured
content. Several studies on cryptocurrencies have been presented that analyze various aspects
of technology, security, privacy, and applications. Although there isn't a text mining analysis
precisely on profile analysis of cryptocurrencies, various studies focus on price predictions
(Narman and Uulu, 2020).

Matilda (2017) stated that social media platforms has created an immense amount of data that
can unlock the hidden insights of human behavior. Further, the author argues that big data
analytics is a necessary component of any organization's strategy to analyze and improve its

operations. For this reason, new tools and methods is increasing.

3.2.2 Machine learning approach

Studies have shown that most of the techniques used in analyzing the data collected by social
media users rely on machine learning (Ghani et al., 2019). The machine learning approach on
social media regarding cryptocurrency has essentially been used for price prediction. For
instance, Mohapatra et al. (2019) proposed a distributed architectural design that combines
machine learning and a lexicon approach to analyze the sentiment on Twitter to predict
cryptocurrency price movements. The researchers in Munim et al. (2019) proposed testing
ARIMA and neural network auto-regression (NNAR) models capable of forecasting the daily
price movement in Bitcoin to improve the literature on cryptocurrencies. Wong (2021) utilized

Twitter data and Natural Language Processing to study the influence of social media on Bitcoin
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prices. The study was conducted by using LSTM and Nave Bayes model to analyze the
sentiment of tweets to predict the price signal of Bitcoin. Recently, Barradas et al. (2022)
conducted a research based on k-means clustering that proposed architecture for processing
cryptocurrency and social media data. The finding illustrated that activity on Twitter correlates
with the action in the cryptocurrency market. The study also found that 14% of the data related

to extraordinary behaviors are related to cryptocurrencies.

3.2.3 Descriptive analysis

Descriptive analysis in social media analytics uses historical data for analysis and visualization
to provide valuable information. The method quantifies, identifies, and categorizes connections
in the data (Ghani et al., 2019). One of the main aspects of social media analytics is the
perspective of the users involved in creating the content. This perspective allows researchers to
explore the various roles that social media users play in creating and disseminating information
(Stieglitz et al., 2018).

Descriptive analysis has been cited by various researchers regarding social media analytics on
cryptocurrency. Blau et al. (2021) provide a descriptive time-series analysis of inflation and
Bitcoin, where the researchers are investigating the relationship between the time-series relation
between the expectations of Bitcoin and the forward inflation rate. The study uses an
autoregressive vector process. Khan and Hakami (2021) conducted a descriptive analysis
(qualitative research) on cryptocurrency-related to usability perspective versus volatility threat.
Rodrigues (2019) compares and contrasts the quantitative and qualitative methods used in social
media data exploration. The research was conducted by a topic modeling approach for the

descriptive analysis of extensive unstructured Twitter data.

3.2.4 Current state-of-the-art

Vatrapu et al. (2016) presented the framework of Social set analysis, which combines social
data's theoretical and practical aspects. It also includes an analytical framework that combines
big social data sets with societal and organizational data. Social set analysis (SSA) is based on
the philosophical principles that stem from ecological psychology, micro-sociology,

associational sociology, as well as mathematics in terms of set theory (Vatrapu et al., 2016).
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The concept of SSA is a framework that combines the theoretical foundations of social science
and computational social science (Vatrapu et al., 2016). It also provides an analytical
framework for analyzing large social data sets. Twitter conversations create networks with
recognizable shapes. The people who are driving the conversation can differ depending on the
topic. The social connections on Twitter are composed of users and their relations with other
users through text. According to Vatrapu et al. (2016), the basic premise of SSA is that actor
A has an association with an entity E, which can be an artifact or an actor. Social set analysis
is a framework for analyzing the interactions and builds on set theory. Vatrapu et al. (2016)
argues that there is a lack in deep academic knowledge of the most dominant action that users

perform on social media platforms every day.

Flesch et al. (2015) argue that the current state-of-the-art in big social data analytics is limited
due to the focus on graph theoretical approaches such as Social Network Analysis (SNA).
Current analytical approaches in social science can be divided into four main categories: text
analysis, social network analysis, complex systems science, and social simulations (Vatrapu et
al., 2016). Vatrapu et al. (2016) state a lack of framework for analyzing social media
interactions that address the various units of analysis typically associated with these platforms.
Therefore, the paper proposes a new approach called Social Set Analysis, which aims to provide
a framework for analyzing and understanding these interactions. The study also concluded that

SSA covers the scope of prescriptive, visual, and descriptive analytics.

3.2.5 Theory of Social data

The theory of social data in this thesis is based on the theory from Vatrapu (2010) where the
author discuss sociotechnical interactions. The concept of sociotechnical interactions is
conceptualized as a combination of the perception and appropriation of various socio-technical
structures and technological functions (Vatrapu, 2010) These include the socio-technical
affordances and the technological intersubjectivity (Vatrapu, 2010). The concept of
technological intersubjectivity refers to the interactions between two or more users. Twitter as
a social media platform includes individuals interacting with (a) technologies and (b) other
individuals. Socio-technical interactions results in electronic traced data, which are referred to
as social data. For instance, a Twitter user can tweet something, as where other Twitter users

can join in on the topic by also tweeting, liking and retweeting. Therefore, these interactions
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generate various other micro-interactions (Vatrapu, 2010). Text data in the aspect of the theory
relates to the structures and functions of social media platforms in terms of their technological
intersubjectivity. Which describes the various ways in which people communicate with each
other and influence each other through text (Vatrapu, 2016). Based on the theory of social data,
Vatrapu (2016) presents a conceptual model of social data, which consists of interactions and
conversation. The concepts of interactions includes the connection that forms from the usage
of social media. The concept of conversations refers to the various parts of a social media
interaction such as topics, emotions and keywords (Vatrapu, 2016). In this thesis, the theory of
socio-technical interactions will be utilized to describe the dynamics of users’ social media
interactions on cryptocurrencies. In addition, Vatrapu’s conceptual model of social data will be

taken into consideration by investigating interactions and conversations among the users.

3.2.6 User-generated content in cryptocurrency

User-generated content can be broadly categorized into various forms, such as blogs, instant
messaging apps, and social media platforms (Pifieiro-Chousa et al., 2022). These platforms can
then create various types of content, such as photos, videos, and text. Many researchers have
analyzed the role of user-generated content in the cryptocurrency domain. Mai et al. (2018)
analyzed social media activity of Bitcoin users to predict the currency's future movements. The
researchers also explored the economic impact of digital currency and social media. Grover et
al. (2019) researched insights from user-generated content on Twitter relative to users'
acceptance of blockchain technology. Chanson et al. (2020) studied the role of user-generated
content in relation to blockchain and decentralized finance. Domingo et al. (2020) found that
sentiment extracted from social media had a positive influences on ICO returns. Recently,
Pifieiro-Chousa et al. (2022) studied the performance of DeFi coins in relation to other stocks,
volatility, and user-generated content on Twitter. As mentioned, cryptocurrency and blockchain
have gained much attention from researchers and academia in recent years. However, to the
best of my knowledge, no study has directly analyzed the interaction of user-generated

cryptocurrency content between larger coins contrary smaller coins.
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3.3 Previous research

Previous research has shown that text data from Twitter can be used to view movements in the
financial markets, especially within cryptocurrency. Despite the popularity of social media
platforms such as Twitter, there is still a considerable amount of research being conducted on
how investors can use them to predict the stock market's future performance. Online
communities among users are also becoming more prevalent in the cryptocurrency space
(Phillips and Gorse, 2017). Online communities can generate price predictions and trading
signals by analyzing sentiment. Therefore, Twitter's relationship with the cryptocurrency

markets has been studied in various papers (Phillips and Gorse, 2017).

Most studies have had the approach of using text data from Twitter to predict movements in the
financial markets, especially within cryptocurrency. Lamon (2017) used social media and news
sentiment to predict the price of cryptocurrencies. The model was trained using a classifier that
learns feature weights for labeling data. A statistical model was able to predict the price of
digital tokens in real-time. It was able to do so by analyzing both Twitter and news data. Tandon
et al. (2021) aim to draw a correlation between the hyped tweets and the prices of
cryptocurrencies. The paper aims to predict the future price of Bitcoin using the past values of
the cryptocurrency. By analyzing various aspects of the project, such as financial data, the
researchers drew a fine line between tweets' amount of impact on the market and the people
who follow them. Kraaijeveld and De Smedt (2020) were able to find that the public sentiment
data collected on Twitter could predict the returns of various cryptocurrencies such as Bitcoin
and Litecoin. The researchers found Twitter sentiments to have predictive power through their

statistical analysis.

Text analysis in social media is often used to study user behavior and trends. Researchers have
observed that investors' sentiment on social media can influence reactions to news among users
within a short period. Narman and Uulu (2020) studied the impact of positive and negative
sentiments of social media users on cryptocurrency. The research aimed to understand the
public opinion about cryptocurrencies by first understanding the dynamics of the users. This
was conducted by applying a sentiment analysis. Algaryouti et al. (2021) conducted a study on

the impact of cryptocurrency usage on users’ perceived benefits and behavior. The results of
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the study suggested that the perceived ease of use of cryptocurrency is associated with the usage

behavior of digital currency.

According to behavioral economists such as Daniel Kahneman and Amos Tversky, decisions
are based on both emotions and financial decisions. R. J. Dolan's work on sentiment analysis
supports this idea, as it shows that demand for an asset can be influenced by more than just the
economic fundamentals. The insights from these researchers open up the possibilities to find
advantages through tools like sentiment and emotion analysis as it indicates that demand for an
asset may be impacted by more than its economic fundamentals (Abraham et al., 2018).
Karalevicius et al. (2018) conducted a study on the comments made by users on
cryptocurrencies which revealed that the price of Bitcoin can influence the sentiment of users
on social media platforms. The researchers also found that users tend to react quickly to news

reports about the cryptocurrency.

3.4 Purpose and objective for the research

A person's opinions are often central to their actions and decisions. They are appraised by others
based on how they see the world. The beliefs we have and our perception of reality is also
influenced by how other people view the world (Liu, 2012). The rapid growth of sentiment and
emotion analysis coincides with the rise of social media (Liu, 2012). For the first time in history,
we have a huge volume of digital data that can be used to analyze people on platforms such as
social networks, media, and forum discussions (Liu, 2012). The overall purpose of the research
IS to leverage social media to view interactions, sentiments, and emotions of tweets and users

related to cryptocurrency.

This thesis is differentiated from the works outlined in the previous section in several key ways.
Firstly, the aim is to perform a descriptive and exploratory case study focusing on the dynamic
interactions among Twitter users. Secondly, data will be labeled on sentiments and emotions
rather than actual price changes. Thirdly, the primary focus in this thesis will be on Bitcoin,
Ethereum, Dogecoin and Uniswap, which are a combination of cryptocurrencies with larger
market cap (Bitcoin and Ethereum), and cryptocurrencies with a smaller market cap (Dogecoin
and Uniswap). In the past, previous academic research is mainly centered around Bitcoin and

cryptocurrencies with larger market cap.
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3.5 Knowledge gap and contribution

In the past, previous academic research has primarily focused on Bitcoin, its mentions,
occurrence, and high price volatility. Little attention has been paid to cryptocurrencies such as

DeFi coins and Meme coins in the context of social media analysis.

Because of the fast growth of digital currencies, the impact on social media platforms has
become more prevalent. This is also evidenced by the rise of related news articles and videos.
The impact users have on social media has continued to grow to the point where it has an impact
on the consumer’s decisions on buying and selling. Cryptocurrency is growing at a fast pace
and is distinct by not being backed by any physical commodities or assets. Sentiment and
emotion analysis gives insight into user behavior, opinions and trends. Therefore, | consider it

both interesting and important to explore.

The thesis will contribute to research on cryptocurrency in the context of social media analytics
by studying the interactions generated from social media hype in larger cryptocurrencies
contrary to smaller cryptocurrencies. The knowledge gap lies in exploring and comparing four
different cryptocurrencies of both larger and smaller market cap, rather than only focusing on
the larger coins such as Bitcoin and Ethereum. Sentiment and emotion analysis can help
investors protect their financial interests by studying the public's opinions about
cryptocurrencies. On the other hand, influence and effect of social media users are viewed. The
thesis aims to study the scope of cryptocurrency in a data-driven approach by leveraging social

media.

As described, the use of cryptocurrency is increasing, and its usability has gained attention from
various perspectives. However, the research on cryptocurrency is insufficient, and there are
rarely other currencies than Bitcoin that have been the subject of research. On that account, this
research makes two main contributions. Firstly, as well as researching Bitcoin, the research will
equally focus on Ethereum, Dogecoin, and Uniswap. Hence, the two largest coins by market
cap, Bitcoin and Ethereum, and Dogecoin and Uniswap, which are smaller by market cap.
Secondly, the focus is on the user perspective and their interactions with the different
cryptocurrencies. The comprehensive aim of the research is to understand the dynamics of

social media users’ interactions on cryptocurrencies by applying Social set analysis as
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framework. The Social set analysis is supported by sentiment analysis and emotion analysis for
further analysis on users and events. Therefore the theoretical contribution is based on studying
this gap by exploring interactions on cryptocurrencies among Twitter users, as well as

contribution to literature on Social set analysis.
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4 Methodology

This section will present the research methodology and analytical approach for the thesis. The
methodology is divided into six parts. Each part will aim to provide valid and reliable methods
to address the research aim and objectives. The methodology is benchmarked on relevant
literature and research that will be further presented in the respective parts. The methodology

consists of the following:

4.1 Research design: The research design will be presented as a multiple-case study approach.

4.2 Social set analysis: Social set analysis will be employed to understand the distributions and

interactions between users across sets.

4.3 Sentiment analysis: The sentiment analysis identifies positive, negative and neutral

sentiments.

4.4 Emotion analysis: The emotion analysis identifies the user’s emotions.
4.5 Bot detection: Bot detection aims to detect the occurrence of Twitter bots in each dataset.

4.6 Event study: The event study aims to analyzes how user’s interactions change before,

during, and after a cryptocurrency-related event.
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Figure 3. Overview of various phases in the thesis

4.1 Research design

Research design serves as the framework for developing effective research methods and
techniques. It allows researchers to hone their skills in conducting studies relevant to the subject
they study. It is a process utilized for carrying out various tasks and procedures in a research
study. This involves guiding the researchers through the various steps involved in analyzing,
reporting, and collecting data (De Vaus, 2006). It is also a strategy used to formulate and

implement a study that effectively addresses a given research problem (De Vaus, 2006).

4.1.1 Multiple-case study approach

The strategy of the research in this paper is a case study. A case study is an in-depth examination
of a specific case or cases where the context is events in the real world (Yin, 2009). A case
study can narrow down a broad field of research or several researchable examples. A case study
investigates the significance of real-life events (Yin, 2009). It can also shed light on a more

significant case. Case studies are focused on an individual, group, or community (Yin, 2009).
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A case study is characterized by typically focusing on depth rather than breadth; this means
focusing on one instance of the phenomenon. The research consists of various sources and
methods to collect data. In this thesis, a multiple case study will be conducted where each of

the four cryptocurrencies represents a case.

Case studies are divided into three: Explorative, descriptive, and explanatory (Oates 2006, p.
162). An exploratory study is used to define a research question or a hypothesis used in a study.
It can be used to identify topics that investigate real-life instances (Oates 2006, p. 143). The
thesis explores different topics and issues related to a particular context. Therefore an
exploratory study will be conducted. An exploratory study explores a particular topic in a
particular context, in this case, Twitter users' interactions on cryptocurrency. As well as a
descriptive study, that will analyzes social media data to identify user sentiments, emotions and

topics.

4.2 Social Set Analysis

As earlier mentioned, the Social set analysis is a framework for analyzing the interactions and
builds on set theory. The framework also combines social data's theoretical and practical aspects
(Vatrapu et al., 2016).

Flesch et al. (2015) combined tools and methods for Social set analysis as a holistic approach
for a case study. The researchers employed Social set analysis regarding the mobility of social
actors across space and time. To uncover dynamic interaction among users over time and space,
the researchers conducted set inclusions and exclusion of actors. Through the Social set
analysis, the researchers were able to identify the various actor sets that are associated with
marketing segmentations. These include brand loyalists, brand advocates, and social activists.
Also Mukkamala et al. (2015) used the Social set analysis framework to study the structural

properties of various corporate social media crises.

Vatrapu et al. (2016) utilized Social set analysis as a theoretical approach to big data analytics
on case studies. The researchers collect social data from social media platforms to reveal

interactional patterns. The researchers presented Social set analysis as a conceptual model of
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social data and a set-theoretical framework to analyze the massive amount of social data that is
generated by social media platforms. The set formalization of the model provides a deeper
understanding of the complex interactions generated by the social data. The study also applied
a visual analytics dashboard to visualize the interaction of users. Vatrapu et al. (2016) refers to
UpSet as a tool for combining visual analytics and set-theoretical data structures. In this thesis,

Upset will be utilized to visualize sets.

Understanding the relationships between various sets of data is a fundamental part of data
analysis. A set is a collection of elements that describe a common characteristic or shared
opinions over the element (Lex et al., 2014). The concept of set visualization is used to explain
the relationships between various data sets by identifying the co-occurrence of certain
characteristics in a dataset (Lex et al., 2014). Lex et al. (2019) presented UpSet as a unique tool
that combines the concept of set visualization and attributes visualization. While there are many
sophisticated techniques for set-related tasks, there are also not enough feature-rich tools that
can handle the complexity of these tasks (Lex et al., 2014). UpSet is compatible with a large

number of sets, between 20-30 sets.

Gomez et al. 2020 used UpSet for survey data collected via complex sampling. The UpSet plots
helped visualize the most commonly reported sets. Piccolboni et al. 2021 stated that the results
of the research were visualized through an UpSet plot to show a graph’s plot on specific rules,
rather than the traditional Venn diagrams. In Beskow and Carley 2020, researchers used UpSet
to study the differences between bots and human networks with data collected from Twitter.
The UpSet graph was used supplementary to Venn diagrams to further explore the intersection

of four sets.

In this thesis, Social set analysis is used to understand the dynamics and interactions between
the different cryptocurrency coins. SSA is conducted by detecting the set of unique and
common users and tweets in the different datasets. | will use UpSetPlot which is a Python library
of UpSet plots by Lex et al. 2014. The plots are used to visualize set overlaps. The input format
uses Python pandas. The series contains counts corresponding to each subset of the series. The
index of the series shows the rows that are related to the categories (Nothman, 2021). Alteryx
was used to format the data in correspondence with the requirements of the documentation

provided by UpSetPlot. A snapshot of the Alteryx workflow is provided in appendix C.
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4.3 Sentiment analysis

Sentiment analysis is a field of study that studies the various expressions of people regarding a
certain topic, product, or organization (Liu, 2012, p.7). It is a commonly used analysis in
Natural Language Processing (NLP). The expressions can be classified as positive, negative, or
neutral. It uses various analytical techniques to analyze and compare the sentiments of different
individuals. Indicators of sentiments are sentiment words and opinions words, which are used
to express positive or negative sentiments. Examples of positive sentiments are words such as

99 ¢c.

“good,” “great,” “wonderful”, and “amazing,” while examples of negative sentiments are words

such as “bad”, “horrible”, “terrible” etc. (Liu, 2012, p.7).

Sentiments of users' posts can evaluate a person's social capital or signaling. By turning a
private act of consumption into a public event, their sentiments can be used to identify their
characteristics (Vatrapu et al., 2016). Through sentiment analysis, researchers can gain a deeper
understanding of how people feel about the data being studied and further make informed

decisions regarding the data (Sponder and Khan, 2018, p.277).

The use of sentiment analysis has been studied by various researchers in the field of information
systems. In a study conducted by Pak and Paroubek (2010), the suggestion of separating tweets
into neutral, positive, or negative categories would result in an efficient analysis of sentiments.
A study conducted by O'Connor et al. (2010) revealed that the sentiment expressed in tweets
related to several national polls of the public opinion. The researchers noted that sentiment
analysis could be a cost-effective alternative to national polling, as it can accurately reflect the
public's sentiments. Geetha and Bharathi (2017) studied the sentiment of the public on social
media to predict the cryptocurrency market prices. Further, the researchers used an algorithm

to analyze the data and establish the correlation between the sentiment and the market.

Sentiment analysis can be conducted by unsupervised lexicon-based models, supervised
learning, machine learning models, deep learning etc. (Sarkar, 2019, p. 574). In this thesis,
sentiment analysis will be implemented by applying lexicon-based and rule-based models. The
purpose is to use the techniques to extract valuable data points from the unstructured text. The
sentiment analysis aims to detect the positive, negative and neutral sentiments of tweets and

users for further analysis.
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The most common algorithms:

¢ Rule-based models

Rule-based sentiment analysis is one of the very basic approaches to calculating text

sentiments. It only requires minimal pre-work and the idea is quite simple, this method

does not use machine learning to figure out the text sentiment (Shahul, 2021). For

example: TextBlob and VADER use the bag-of-words approach where the text is

considered to be the sum of its constituent words.

e Word-embedding-based models:

In terms of text representation, embeddings are used in Natural Language Processing to

represent similar words. These are represented using n-dimensional space vectors that

are close to each other (Shahul, 2021).

Negative Neutral

Positive

A

Figure 4. Sentiment analysis
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4.4 Emotion analysis

The increasing number of conversations happening on social media has led to the ability to
detect emotion and made possible a valuable strategic tool for the cryptocurrency industry. Over
the past decades, various scientific streams and research groups have been developing theories
and techniques related to emotions (Vornewald al., 2015). These studies have led to the
establishment of a more general understanding of how humans behave. In terms of research,
emotions have been regarded as a significant area of study within IS research. Various types of
emotional constructs have been studied in studies related to the subjects (Vornewald al., 2015).
Projections of feeling are the most visible layer of emotion in social media. They are often
expressed through various forms of communication such as expressions and verbal statements
on different social media platforms, for example on Twitter (Zimmerman et al., 2016).
Understanding emotions is a complex task due to the varying characteristics of the user and the
increasing number of internet slang terms (Chatterjee et al., 2019). Also, understanding the
context and sarcasm in the text can lead to difficulties. Various studies on emotions have been

conducted over the years.

Some of the most prominent studies on this topic include those conducted by Hochschild, 2002,
Lane et al., 1996, Plutchik, 1994 (Chatterjee et al., 2019). Notable work in understanding and
targeting emotions was also included in Ekman et al., 1983, where six class categorizations of
emotions were conducted. In recent studies, Jussila et al. (2022) emphasize the importance of
understanding the various emotions expressed in tweets to further understand the context of the
interactions on social media. The researchers in Zimmerman et al. (2016) developed an
intelligent method EmotionVis to detect the emotional expressions in Facebook posts. The tool
works as a dashboard that gathers emotions from the text that is presented through visual

analytics (Zimmerman et al., 2016).

There is a difference between sentiment analysis and emotion analysis. Unlike sentiment
analysis, which merely divides data points based on a negative or a positive feeling, emotional
analytics focuses on analyzing the psychology of consumers' (Kim and Klinger, 2018).
However, the main target of an emotion analysis is to recognize the emotions in the text, rather
than sentiment. This may make the task difficult because the difference in emotions is more

distinct than the classification of positive, negative, and neutral (Kim and Klinger, 2018).
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Emotions can be viewed as a finer-granularity sentiment. For example, anger and sadness can
both be considered negative sentiments but are yet two different emotions. They can also be
categorized as distinct feelings. This allows for an additional layer of analysis to understand the
user's emotions. Therefore, in this thesis, it is interesting to not only look at the sentiment of the

Twitter data, but to also view the emotions contained in the datasets.

There are various lists or models that can be used to identify the concept of basic emotions. In
this analysis, emotions are based on the Python Library: Text2emotion. The Python package
text2emotion helps extract emotions from the input content text2emotion (pypi.org, 2020). The

library is compatible with five different emotion categories:

e Happy

e Angry

e Sad

e Surprise
o Fear

Aslam et al. (2022) used Text2emotion to study sentiment and emotion detection on
cryptocurrency-related tweets. While communicating, humans use certain words and
expressions in the appropriate context. The paper used Text2Emotion to identify the embedded
emotion in the text and to produce a dictionary that can be used to interpret the data (Aslam et
al., 2022)
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4.5 Bots

A Twitter bot is an automated account controlled by a software program. It can perform tasks
similar to those of a real Twitter user, but it's focused on specific goals(Johnson, 2020). The
purpose of a bot can be beneficial or harmful, depending on its nature. For instance, it can be
useful to broadcast weather emergencies in real-time. It can also be used to distribute
informative content. A Twitter bot can also be designed to perform various malicious activities,
such as spreading fake news campaigns and violating the privacy of other users (Johansen,
2020).

At Black Hat USA 2018, Duo Security researchers presented some of their work on tracking
down Twitter bots (Johnson, 2020). The researchers built models that can predict the likelihood
of bot-like activity on Twitter. They also used the Twitter API to build a data set that can analyze

the behavior of different types of accounts (Lomas, 2018).

Reutzel (2018) highlighted common Twitter scams commonly used by bots and trolls. This
includes tweets that state giving away free cryptocurrency in return for a small amount of money
transferred, linking to other bots accounts related to cryptocurrencies which users will be asked
to follow (Reutzel, 2018, cited in Kraaijeveld and De Smedt, 2020 ). The username of the
account used by the bots is often used to impersonate other accounts. Or they also call other

users and post a scam.

Despite the existence of Twitter bots, it is not considered a bad thing since our goal is to capture
the market sentiment. In fact, as noted by Cresci et al. (2019), bots can have a semantic
orientation and affect public sentiment. Machine learning techniques such as deep learning can
remove bots from the dataset. However, a classifier machine learning bot classifier is beyond
the scope of the research in this thesis. Therefore, existing literature will be used to detect

typical characteristics found in twitter text from bots.
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4.6 Event study

An event study is an empirical analysis that studies the impact of a major event on the value of
a security, for example, a stock company (Hayes, 2022b). Time is the dependent variable in
event analysis, it then looks for factors that explain the duration of the event or the time until
the event occurs (Hayes, 2022b). The methodology of an event study is widely used to view the
effects of events in the financial markets (Kliger & Gurevich, 2014). The concept of the event
study emerged from studies conducted by Ball and Brown (1968) and Fama et. al (1969)
(Bowman, 1983). (Ball and Brown (1968) conducted an event study to investigate security price
reaction regarding annual accounting earnings. Fama et. al (1969) studied how security prices
change as new information is released. Rather than following a market-focused approach, the
researcher viewed how prices respond to changes in the market (Bowman, 1983). In recent
years, also social media data has been leveraged to conduct event studies. Flesch et al. (2015)
conducted an event study to investigate the reflections of real-world events regarding user

interactions on social media platforms.

There isn’t a unique methodology for an event study, however the aim is to identify three
important time periods (Menon et al., 2018). It takes into account three important time periods:
the event, the pre-event, and the post-event window (MacKinlay, 1997, cited in Menon et al.
2018). The first step in the event study process is to identify the event's interest and the event
window which is the period of time when the event is active (Menon et al., 2018). Further, the
pre-event window is defined as the period before the event. Thirdly, the post-event window is

the time after the event window (Menon et al., 2018).

The event study methodology was applied to identify user interactions in social media before,
during and after the event. Menon et al. (2018) used Facebook data to understand the
interactions between investors and crowdfunders before, during, and after a crowdfunding
campaign. A definition of events for each of the four cryptocurrency coins, as well as defining
the event timeline will be presented in the “Analysis and findings” part of the thesis. The event
study in this paper will be conducted to investigate sentiments, emotions, and topics before,
during, and after an event has occurred to analyze change over time and in the face of different

events.
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5 Data

In this section, the data for the thesis will be presented. Firstly, the data collection will be
presented where data extracting using Python library Snscrape is described. Followed by data

pre-processing and emoji handling.

5.1 Data collection

The data collection process consisted of extracting data by scraping tweets off Twitter with
Python library Snscrape to create datasets. The data collected for the thesis was for the
cryptocurrencies Bitcoin, Ethereum, Uniswap and Dogecoin. The datasets were created
separately by scraping tweets off Twitter with Python library Snscrape with keywords for each
cryptocurrency. Snscrape was released on July 8, 2020, and is a tool that enables users to scrape
data from social networks (JustAnotherArchivist, 2020). It scrapes content such as users,
hashtags, threads, lists and posts without using Twitter's API. Snscrape requires Python 3.8 or

higher.

There are various methods of scraping data from Twitter, among the most popular are also
Tweepy and Twint. Tweepy is a Python library for accessing Twitter API. It is a great tool for
creating simple automation, but it has a limit of 3200 tweets and a time limit of seven days
(tweepy.org). Additionally, there is no access to historical data. Twint is a Python-based Twitter
scraping tool that allows you to scrape tweets from various Twitter profiles without using
Twitter's API. It does so by extracting Tweets related to specific topics, hashtags, trends and
users’ (Twint, 2021). Twint has no limit on the amount of tweets that can be scraped. However,
I found Twint to be challenging because of the minimal documentation. Executing codes that
weren't in the example code required orders of magnitude. Additionally, I had problems with

consistency, where the set maximum parameter wasn’t always returned.

On the other hand, the Snscrape library is an excellent example of a library that allows users to
extract data from social media easily. It doesn't require an APl and has no limit on how much
data it can pull. Snscrape can return thousands of tweets within minutes using the text search

query, hashtags or user profiles. Snscrape can be used in two ways: command prompt/terminal
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or Python wrapper (Desai, 2022). | used the Python wrapper to scrape data because | believe it
is easier to interact with. In research, Snscrape was used by Ridhwan and Hargreaves (2021) to
extract tweets to leverage Twitter data to understand public sentiments. Sarkar and

Rajadhyaksha (2021) utilized Snscrape to extract tweets in their analysis of Twitter linguistics.

Tweets were collected separately for each of the cryptocurrencies between the time period
January 1%t 2020 till January 31" 2022. The defined parameter was set to 20000 tweets per
month throughout the time period, additionally only tweets in English were scraped and fetched.
Therefore, all non-English tweets were filtered out to avoid having a mixed-language data set.
Each tweet contained DateTime, tweet ID, text and username. Due to the amount of Twitter
data extracted, the scraping had to be conducted in batches. The scraped data was stored in CSV
files and merged into one final CSV file per cryptocurrency. This resulted in four datasets, one
for each of the cryptocurrencies. The keywords for Ethereum were “Ethereum” and “ETH”,
returning in total 500000 tweets in the time period. The keywords for scraping Bitcoin tweets
were “Bitcoin” and “BTC”, returning in total 500000 tweets in the time period. The keyword
for Dogecoin was initially “Dogecoin” and “Doge”, but this only returned 1800 tweets in
January 2020. The keyword was then changed to only “Dogecoin” and it then returned 4578
tweets in January 2020. Dogecoin was a fairly new coin in this time period. The keyword Doge
in this period mostly returned automatic price updates from bots containing the #Doge. When
only using the keyword “Doge”, it returned 20000 tweets as requested, but all the content was
not crypto-related. In contrast, the keyword “Dogecoin” returned more tweets than the
keywords “Dogecoin” and “Doge” in 2020. In total, 86049 was scraped with only the keyword
“Dogecoin”, and 35060 with both keywords “Dogecoin” and “Doge”. When scraping the
sample for Dogecoin tweets from 2021, both the keywords “Dogecoin” and “Doge"”” were used.
This returned 20000 tweets per month as requested. Towards the end of 2020, Elon Musk
tweeted continuously about Dogecoin which caused the price to increase by 25% on 20™
December. He simply tweeted one word: “Doge”. According to Google trends, Dogecoin
increased in popularity in January 2021 and peaked in May 2021. Thus 86049 tweets were
scraped for Dogecoin in 2020, and 260000 for 2021 (including tweets for January 2022), in a
total 346049. The keywords for Uniswap was “Uniswap”, returning in total 378249 tweets.
118279 tweets were scraped in 2020. 260000 tweets were scraped in the time period January
2021 to January 2022. Fewer tweets were scraped in 2020 due to the Uniswap token not being
launched before September 17t 2020 (CoinMarketCap, 2022). It was first in August 2020 and
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beyond that 20000 tweets per month containing Uniswap were scraped. The process resulted in

a total of four datasets with a total of 1724328 public Tweets.

Bitcoin Ethereum Dogecoin Uniswap

2020 240 000 240 000 86 049 118 279
2021 260 000 260 000 260 000 260 000
Total dataset 500 000 500 000 346 049 378 279

Table 2. Overview over scraped data. 2021 includes January 2022

5.2 Data pre-processing

Data preprocessing involves techniques that are used to prepare the data for further analysis.
Before the actual analysis begins, the preprocessing stages are carried out to prepare the raw
data. Pre-processing helps transform the data into a clean and useful set and involves steps such
as cleaning, transforming and adapting the data for the next steps in the analysis process. Data
preprocessing is important because raw tweets are often cluttered and contain much noise.
Twitter data is complex and lacks structure. Therefore, Twitter data requires extensive

preprocessing to extract its full potential.

I used the Python library Preprocessor, a preprocessing library for tweet data written in Python
(pypi.org). The library makes it easy to clean, parse or tokenize tweets. Also, natural language
processing (NLP) techniques were used to clean the text data. Further, | followed a similar pre-

processing approach used in Kraaijeveld and De Smedt (2020).

First, normalization was applied to the text data by removing URLs, http/https, extra white
spaces and user mentions (@). Elements that don’t add value to the meaning of the tweet, such
as punctuation marks and special characters, hyperlinks, hashtags, Twitter handles and metadata
(‘RT’* for retweeted) were removed. Special characters and symbols are generally non-

alphanumeric characters that add to the noise in the text (Sarkar, 2019, p 138). Nevertheless,
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emojis were not removed from the dataset. Emojis in the text were translated and converted

into the Unicode text equivalents. Emoji handling will be discussed in the next part.

For the removal of stop words, the genism library was applied. Examples of removed stop
words are: “the”, “is”, “and”, “to”, “or”, etc. The stop words don't have value in a sentiment
analysis because stop words don't indicate positive or negative sentiments (Kraaijeveld and De

Smedt, 2020). For this reason, they are removed from the dataset.

Lastly, all duplicate rows were removed to be left with only unique tweets. Duplicates were
removed in case of the same tweet being posted multiple times or scraped multiple times. The

dataset contained a large amount of duplicates.

I explored stemming the words by using the NLTK Python package PorterStemmer. Its effect
was too aggressive; therefore, stemming of the words was not included in the final dataset
(Kraaijeveld and De Smedt, 2020). All numerical numbers were also removed from the datasets.
As a sanity check, I frequently printed the pandas DataFrame to a CSV file in excel and checked

that the executed pre-processing and changes had been completed.

Data cleaning and preprocessing were adapted to the structure of the VADER and Textblob
sentiment analysis lexicons that will be further presented in the analysis. For example, | did not
transform letters to lower case because VADER takes capital letters into consideration to

emphasize sentiments (Hutto and Gilbert, 2014).
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Text pre-processing

Remove mentions and @

Remove URL's and http/https

Convert emoiji to translation

v

Remove stop words, white
space, punctuations and
numbers

:

Remove duplicates and sort by
date

!

Return

Figure 5. Steps in text pre-processing
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Processing technique | Result

Original Tweet @Cryptolover #Ethereum has risen 63% for the month of April @,

pushing it to the front. Definitely sitting at the top of the range but it has been steady price actio
n so far. #cryptocurrency SETHUSD $ETH #Crypto #cryptotrading https://twitter.com/

Translate emoji to word @Cryptolover #Ethereum has risen 63% for the month of April shock,

pushing it to the front. Definitely sitting at the top of the range but it has been steady price action
so far. #cryptocurrency SETHUSD $ETH #Crypto #cryptotrading https://twitter.com/

Remove URLs @Cryptolover #Ethereum has risen 63% for the month of April shock,

pushing it to the front. Definitely sitting at the top of the range but it has been steady price action
so far. #cryptocurrency SETHUSD $ETH #Crypto #cryptotrading

Remove whitespace Ethereum has risen 63 for the month of April shock,

white space, mentions pushing it to the front. Definitely sitting at the top of the range but it has been steady price action
and special characters so far. cryptocurrency ETHUSD ETH Crypto cryptotrading

Remove numbers Ethereum has risen for the month of April shock, pushing it to the front. Definitely sitting at the
top of the range but it has been steady price action so far. cryptocurrency ETHUSD ETH Crypto
cryptotrading

Remove stop words Ethereum risen month April shock, pushing front. Definitely sitting top range steady price action

far. cryptocurrency ETHUSD ETH Crypto cryptotrading

Table 3. Example of pre-processed tweet

Cryptocurrency Before pre-processing After pre-processing
Bitcoin 500 000 349 654
Ethereum 500 000 320 688
Uniswap 378 279 291 051
Dogecoin 346 049 230 683

Table 4. Number of Tweets before and after pre-processing

The final output of the pre-processing step resulted in four datasets with a total of 1192076

number of public Tweets.
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5.2.1 Emoji handling

Along with the text, there are also other high-impact forms of expression, such as emojis. These
are simple and powerful tools used to communicate. Often tweets and posts on social media are
followed by an emoji. The function of an emoji is to fill in emotional cues that otherwise are

missing from the typed text.

The dataset contained a large amount of emojis. The approach of handling emojis was to convert
emojis into words in order to preserve the emojis' information. The emojis were converted
according to Unicode.org, the world standard for text and emoji. The translation converts all
emojis in the text to the Unicode text equivalents. In Boukhers et al. (2022), all the emojis in
the dataset were kept and converted to the translation of Unicode. A study by Arifiyanti and
Wahyuni (2020) on tweet sentiment classification on Indonesian Twitter users claims that due
to the increased use of smartphones, 45% of the tweets in the dataset contain emojis, which
affects the sentiments of the tweets. Therefore, all emojis were converted in translation with the
Unicode translation. Because users use emojis when tweeting to convey their message
efficiently and express opinions and sentiments about topics, converting the translation was

considered in this paper.

Emoji Unicode translation Converted translation
@ Relieved face Relieved
Grinning face with big eyes Grinning
) Lying face Lying
& Face vomiting Vomiting
®) Frowning face with open mouth Frowning

Table 5. Examples of emoji conversion

Specific emojis used in correlation with cryptocurrency in social media by the cryptocurrency
community are translated. Emojis are a big part of the language of investing and discussion of

cryptocurrencies.
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Emoji Unicode translation Converted crypto translation
104 Rocket Increase
(31 Gorilla Strong
\V4 Diamond Hold
) Whale Volume

Table 6. Converted cryptocurrency specific terms

The rocket emoji means that the price of a cryptocurrency has reached its peak value and is
rising off the charts, the term “to the moon” is also used in correlation with this emoji, meaning
that there’s a quick rising in price. A whale emoji is used to describe a person who has enough
coins or tokens to affect the prices of various commaodities in the market significantly. Whales
are known to cause substantial buy orders on the market, which can raise the price of a
cryptocurrency (Mitra, 2021). The diamond emoji symbolizes investors who hold on to their
assets, whether they’re winning or losing at the time being. The gorilla emoji implies the saying
“apes together strong”. This saying was first used by the Redditt community WallStreetBets,
who used the term to refer to investors who are bullish on heavily-shorted assets (Hartwig,
2021). Wang and Luo (2021) found various examples of self-referential humor and esoteric
slang in the users' language in a study of stock price and sentiments in social media. The
researchers found heavy use of emojis was influenced by the terms used by the WallStreetBets
community. The researchers replaced emojis with descriptive text tags. Mahmoudi et al. (2020)
performed a comprehensive study where domain-specific emojis in sentiment classification
were identified. The study provides examples of cryptocurrency specific emoji’s translation.

For example that the rocket emoji (§9), transfers the meaning of an increase in price.

In this paper, the descriptive text tags have been conducted in correlation to cryptocurrency-
specific terms used by communities such as Redditt WallStreetBets. Therefore, the converted
cryptocurrency-specific terms have been managed in correlation with previous research and

cryptocurrency glossary and specific terms.

An important factor when converting the emojis in accordance to the cryptocurrency

communities' translation is to convert this in a way that the lexicon can read and interpret the
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meaning. Emojis that don’t give any implication of sentiments were removed. For example

clothing, musical instruments, geometrics, country flags, zodiac signs, and gender.
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6 Analysis and Findings

In this section, the analyses will be conducted and presented through the methodological
approaches. The analysis is benchmarked on social set analysis. In the social set analysis,
sentiment and emotion analysis will serve as a backdrop for further analysis on users and event

study.

6.1 Sentiment Analysis of Tweets

6.1.1 VADER

VADER is a sentiment analysis tool that focuses on social media sentiments, developed by C.J.
Hutto. VADER stands for VValence Aware Dictionary and sEntiment Reasoner (Sarkar, 2019,
p.584). It uses a combination of a sentiment lexicon and a rule-based sentiment analysis system
that can analyze and interpret the various words and phrases commonly used in social media. It
can do so without requiring any training. In addition to giving scores on positivity, negativity
and neutrality, VADER also indicates how positive or negative a sentiment is. Abraham et al.
(2018), Kraaijeveld and De Smedt (2020), and Narman and Ulu (2020) all performed a VADER
sentiment analysis with data extracted from Twitter data to study social media's impact on

cryptocurrency.

VADER identifies generalizable heuristics humans use to assess sentiment intensity in the text
(Hutto and Gilbert, 2014). Capitalization increases the intensity of a word's sentiment. For
example, capitalizing the word GREAT makes it more pronounced. Conjunctions such as
"because” and "but" signal a shift in the sentiment. For instance, “the food here is bad, but the
service is excellent” has mixed sentiment, with the ending dictating the overall rating (Hutto
and Gilbert, 2014). In addition, punctuations such as the exclamation point increase the

sentence's intensity.

The VADER lexicon contains over 7,500 lexical features with validated valence scores that
indicate the sentiment polarity (Sarkar, 2019, p.584). The lexicon is based on a dictionary that

assigns predetermined sentiment scores measured on a scale from -4 to +4, where -4 is the most
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negative and +4 is the most positive, while 0 represents neutral (Hutto and Gilbert, 2014).
Further, VADER generates a valence-based lexicon with focus on the intensity and polarity of
the sentiments. The compound score of VADER is a numerical representation of the intensity
of the input text. It considers the feature's valence score, which is adjusted according to the
rules, and then normalized to be between -1 which is the most extreme negative, and +1 which
is the most extreme positive. The negative, neutral, and positive scores are the ratios for the
proportions of text within each category. They are the most useful metrics for analyzing the

presence of sentiment in a given sentence (Hutto and Gilbert, 2014).

VADER Bitcoin Ethereum Uniswap Dogecoin
Post tweets 349 654 320 688 291 051 230 683
Positive 169 647 161 964 164 444 127 388
Negative 64 818 49 407 41 430 29 103
Neutral 115 189 109 317 85 177 74 192

Table 7. Results from VADER Sentiment Analysis

Tweet Compound Sentiment

“Dear Bitcoin its time increase | Neg: 0.0, Neu: 0.505, Pos: 0.495, Compound: | Pos: 0.5994
bullish” 0.5994

“Why Bitcoin usability still so | Neg: 0.202, Neu: 0.798, Pos: 0.0, Compound: - | Neg: -0.5849

bad decade later” 0.5849
“Bitcoin Art Near Downtown Neg: 0.0, Neu: 1.0, Pos: 0.0, Compound: 0.0 Neu: 0.0
Dallas”

Table 8. Example of tweet sentiments. Neg stands for negative tweets, Pos for positive, and Neu for

neutral tweets. Compound is the normalized results of the three polarity scores.

25.05.2022 Student number: 874043 Page 50 of 122



6.1.2 TextBlob

TextBlob is a Python library that supports Natural Language Processing (NLP). It was
developed using the NLTK framework, which is a set of tools that allow users to perform
various tasks related to the analysis and classification of text (TextBlob, 2020). TextBlob
supports complex analysis and operations on text data. Aslam et al. (2022) used TextBlob to
label cryptocurrency-related tweets with sentiments. In a study by Gurrib et al. (2021),

TextBlob was used to determine the sentiments and polarity of tweets related to Bitcoin price.

A sentiment is defined by the semantic orientation and the intensity of the words and stenches
when there is a lexicon-based approach. This requires a pre-defined dictionary that classifies
which words that are negative and which that are positive. A sentiment is defined by its
orientation and the intensity of the various words in a sentence. The final sentiment is computed

by taking an average of all the scores.

The TextBlob sentiment analyzer returns polarity and subjectivity of a sentence. Polarity is a
lies between [-1,1], where -1 indicates negative sentiment and +1 indicates positive sentiments
(TextBlob, 2020). Subjectivity measures the amount of factual information and personal
opinion in the text and the range is [0,1] (TextBlob, 2020). Words of negation have the effect
of reversing the polarity. The library also has semantic labels that strengthen the analysis, such
as emojis and exclamation marks (Sarkar, 2019, p. 557). Another parameter of TextBlob is
intensity, which is used to determine if a word modifies the next word. For example, adverbs

such «very well» are used as modifiers.

Textblob Bitcoin Ethereum Uniswap Dogecoin
Post tweets 349 654 320 688 291 051 230 683
Positive 146 730 149 731 140 074 89 847
Negative 48 689 44 317 34 412 23191
Neutral 154 235 126 640 116 565 117 645

Table 9. Results from Textblob Sentiment Analysis
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Tweet Compound Sentiment

“Bitcoin Art Near Downtown | 0.1 Positive
Dallas”
“Why Bitcoin usability still -0.349 Negative

so bad decade later”

“Dear Bitcoin its time 0.0 Neutral

increase bullish”

Table 10. Example of tweet sentiment TextBlob (Bitcoin)

6.1.3 Comparing results

Previous research and literature such as McDonald and Loughran (2011) observed that the
performance of a sentiment analysis improves its performance when using a specific dictionary
or lexicon. The results presented the efficiency of contextual embeddings in sentiment analysis

based on the comparison of lexicons and fixed word and sentence encoders.

VADER Positive  Negative  Neutral | TextBlob  Positive  Negative  Neutral

Bitcoin 169 647 64 818 115189 Bitcoin 146 730 48 689 154 235
Ethereum | 161 964 49 407 109 317 | Ethereum 149731 44 317 126 640
Uniswap 164 444 41 430 85177 Uniswap 140074 34412 116 565

Dogecoin 127 388 29 103 74192 | Dogecoin 89 847 23191 117 645

Table 11. Results from Sentiment Analysis

The results show that the VADER lexicon returns more positive sentiments than TextBlob,
while TextBlob returns more neutral sentiments than VADER. TextBlob also returns fewer

negative sentiments than VADER.
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WADER Sentiment Analysis
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Figure 6. Example of Bitcoin VADER and TextBlob sentiment scores

6.1.4 Evaluation metrics

Classification models are usually measured on how well they predict the outcome of new data
points. One of the easiest ways to measure the accuracy of a sentiment analysis is by performing
an accuracy test. This allows the model to see how many times it correctly resulted in a given
outcome. As well as precision, recall, and F1-score (Sarkar, 2019, p.309). Hutto and Gilbert
2014 also stated that they rely on three metrics to quantify the VADER tool’s ability to classify
sentiments: precision, recall, and the F1 score. The evaluation metrics have been carried out
according to Sarkar’s module for model evaluation, model_evaluation_utils in Python. The
module leverages the Scikit-Learn metrics module to compute most of the evaluation metrics
and plots (Sarkar, 2019, p.309)
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Accuracy defines how correctly the model predicts something. It is also known as the overall
proportion of the correct predictions in the model (Sarkar, 2019, p.313). The formula for

executing accuracy is the following:

ITP+TIN
TP+ FP+TN +FEN

Accuracy =

Precision is a positive predictive of how many predictions are correct (Sarkar, 2019, p.313).

The formula for precision is the following:

TP

Precision=——
TP + FP

Recall is used to measure the percentage of data points that were correctly predicted (Sarkar,
2019, p.313). It is also known as the hit rate, coverage, or sensitivity metric. The formula for

conducting recall is the following:

1P

Recall =——
TP+ FN

The F1-Score aims to harmonize the mean of precision and recall in the cases where a balanced

optimization is wanted (Sarkar, 2019, p.314). The formula is the following:

F1Score — 2x Precisionx Recall

Precision + Recall
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VADER

Metrics Bitcoin Ethereum Dogecoin Uniswap
Accuracy 51.2 51.2 57.9 56.2
Precision 53.8 54.2 60.9 59.7

Recall 51.2 51.2 57.9 56.2

F1 Score 47.2 48.0 55.8 53.7

Table 12. Model Performance Metrics for VADER

Textblob
Metrics Bitcoin Ethereum Dogecoin Uniswap
Accuracy 50.0 55.1 45.6 55.0
Precision 45.0 50.1 40.1 50.4
Recall 50.0 55.1 45.6 55.0
F1 Score 43.2 49.1 39.7 49.5

Table 13. Model Performance Metrics for Textblob

From the model performance metrics, VADER overall has higher metric scores. In the
performance review by Stenqgvist and Lonnd (2017), VADER and eleven other sentiment
analyses were compared. The result showed that VADER outperformed other techniques in the
social media text domain. Therefore, VADER will be used as the baseline for sentiment

classification in further analysis.
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6.2 Emotion analysis

In this part, I will analyze and discuss the emotions in the datasets. After collecting 1724328
million tweets, and utilizing 1192076 million tweets after preprocessing and removing
duplicates. Each dataset with tweets of Bitcoin, Ethereum, Dogecoin, and Uniswap will be
classified individually. The five different emotion categories in the Text2emotion library are

the following:

* Happy
e Angry

e Sad

e Surprise

e [ear

Bitcoin

120000

100000

0

20000
g
8 G0000
40000
o .
Fear

Surprise Sad Angry
Emaotions

Happy

Figure 7. Emotion analysis distribution Bitcoin

The top emotion in the Bitcoin dataset is fear, with a frequency of 122032 (35%). Followed by
the emotions happy (32%), surprise (16%), sad (12%), and angry (5%).
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Ethereum
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Figure 8. Emotion analysis distribution Ethereum

The top emotion in the Ethereum dataset is fear, with a frequency of 113088 (35%). Followed
by the emotions happy (31%), surprise (17%), sad (11%), and angry (6%).

Uniswap
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Figure 9. Emotion analysis distribution Uniswap

The top emotion in the Uniswap dataset is happy, with a frequency of 109555 (38%). Followed
by fear (28%), surprise (20%), sad (10), and angry (4%).

25.05.2022 Student number: 874043 Page 57 of 122



Dogecoin

Happy Fear

Figure 10. Emotion analysis distribution Dogecoin
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The top emotion in the Dogecoin dataset is happy, with a frequency of 101 529 (44%). Followed
by fear (19%), surprise (17%), sad (16%) and angry (4%).

Happy Fear Surprise Sad Angry
Bitcoin 112 183 122 032 56 899 40 422 18 118
Ethereum 99 924 113 088 54173 35637 17 866
Dogecoin 101 529 44 316 38 227 37089 9522
Uniswap 109 555 81617 58 171 31415 10 293

Table 14. Identified emotions
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6.3 Descriptive analysis

In this part, the descriptive analysis will visualize data points, present mean values, how

scattered the datasets are and how the points in the data are shaped. Further, a word frequency

analysis will be provided. The various graphs and visualizations will utilize color theory where

the colors are in the respective colors of each cryptocurrency’s logo. Color theory refers to the

science and art of using color.

6.3.1 Descriptive statistics

All data were collected between January 1% 2020 and January 31%t 2022. The largest volumes

of data are concentrated between August 2021 and November 2021.
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Figure 11. Bitcoin distribution graph
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The Bitcoin distribution is right skewed which indicates that majority of the Bitcoin tweets are

short in text.
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The largest volumes of data are concentrated at November and December 2021.
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The Ethereum distribution has a normal distribution, which indicates that the tweets have

combination of longer and shorter text.
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Figure 16. Dogecoin distribution of Tweet character length

The Dogecoin distribution is right skewed which indicates that majority of the Dogecoin tweets

are short in text.
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Figure 18. Uniswap distribution of Tweet character length

The Uniswap distribution is right skewed which indicates that majority of the Uniswap tweets

are short in text.

Max word Max word Mean for Average word
Cryptocurrency count length wordcount length
Bitcoin 149 893 16 111
Ethereum 123 1084 17 122
Uniswap 83 666 14 89
Dogecoin 133 1178 13 94

Table 15. Word count and length of in the cryptocurrency datasets

The tweets have an average word count of between 13-16 words, which is quite similar. The
average length however varies slightly, but not significantly. Thus, the length of the tweets is

not a strong indicator of polarity.
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6.3.2 Word frequency analysis

I utilized Natural Language Processing with Python's NLTK package in order to detect which
words were used most frequently in each of the four datasets individually. Word frequency
analysis is a method that automatically identifies the frequency of certain words in a given text
corpus. It is performed by taking the raw token from the pre-processing step and calculating the

word frequencies (Menon et al., 2018).

N-grams were used to generate the cryptocurrency and used the token count function to generate
the top 10 words from each coin. N-gram is a collection of word tokens from a text document
so that the tokens are contiguous and occur in a sequence (Sarkar, 2019, p. 210). An n-gram is
a sequence of n items from a given speech or text which gives good indicators of which words

that mainly occur.

10 most frequent tokens Bitcein
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Figure 19. Overview of 10 most frequent tokens in the Bitcoin dataset

The Bitcoin dataset contains 349 654 tweets from 349 654 users where 90 066 (26%) of these
users are unique. The top username in the dataset has a frequency of 4 760 (5%). The number
of unique tweets are 334 074 (96%) .

25.05.2022 Student number: 874043 Page 64 of 122



10 most frequent tokens Ethereum
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Figure 20. Overview of 10 most frequent tokens in the Ethereum dataset

In the Ethereum dataset there’s 320688 tweets from 320688 users, 88585 (28%) of these users
are unique. The top username in the dataset has a frequency of 3389 (4%). The number of

unique tweets are 298711 (93%).
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Figure 21. Overview of 10 most frequent tokens in the Dogecoin dataset
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In the Dogecoin dataset with 230683 tweets from 230683 users, 86519 (38%) of these users are
unique. The top username in the dataset has a frequency of 13300 (15%). The number of unique
tweets are 215283 (93%).

10 most frequent tokens Uniswap
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Figure 22. Overview of 10 most frequent tokens in the Uniswap dataset

The Uniswap dataset contains 291051 tweets from 291051 users, where 111579 (38%) of these
users are unique. The top username in the dataset has a frequency of 1611 (1%). The number
of unique tweets is 267598 (92%).
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6.4 Detecting the presence of Twitter bots

Several studies and articles have mentioned the presence of bots in the context of
cryptocurrencies and Twitter. In this part, | aim to explore the possibility of using a simple
heuristic approach to investigate the presence of Twitter bots in the datasets. Kraaijeveld and
De Smedt (2020) tested for the presence of bots by using six heuristics based on the findings in
Reutzel (2018). Four of the same heuristic approaches will be implemented in this thesis. In

addition, “airdrop” or airdrops” will be considered a criteria.

A tweet is considered to be posted by a bot if the text contains two or more of the following

criteria;

“Give away” or giveaway”
“Register” or “join”
Username contains “bot”

Tweet containing more than 14 hashtags

o L N

“Airdrop” or “airdrops”

Bots that tweet “give away” or “giveaway” advertises users to transfer a small amount of money
to an account in exchange for a cryptocurrency giveaway. Register or join refers to bots that
ask users to register for fraudulent schemes through various links (Kraaijeveld and De Smedt,
2020). There’s a high probability that usernames containing “bot™” are Twitter bots that tweet
automated tweets controlled by bot software (Kraaijeveld and De Smedt, 2020). Tweets from
bots often contain many hashtags, especially unrelated hashtags, which are considered spam by
the Twitter platform. According to Twitter, bots often use popular or trending hashtags to
manipulate a conversation or drive traffic to a website or product. Therefore, tweets containing
more than 14 hashtags are a criteria (Kraaijeveld and De Smedt, 2020). An airdrop is a free
cryptocurrency and token distributed through an initial coin offering (ICO) (Gao et al., 2020).
Counterfeit digital tokens are also being used to carry out fake airdrops. Due to the popularity
of these types of transactions, many people are becoming victims of these scams through bots
(Gao et al., 2020).
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In the Bitcoin dataset, 3024 usernames contain the words bot” or “bots” which indicates that
the tweet was directly posted by a Twitter bot. Further, 10946 tweets met two or more of the
criteria above. Thus, bots constitute 3.2% of the Bitcoin dataset. In the Ethereum dataset, 6314
usernames contain the words “bot” or “bots” which indicates that the tweet was directly posted
by a Twitter bot. Furthermore, 12833 tweets met two or more of the criteria above. Thereby,
bots make up 4.0% of the tweets in the Ethereum dataset. In the Uniswap dataset, 2041
usernames contain the words “bot” or “bots” which indicates that the tweet was directly posted
by a Twitter bot. 6845 tweets met two or more of the criteria above. Therefore, bots constitute
2.4% of the tweets in the Uniswap dataset. In the Dogecoin dataset, 1304 usernames contain
the words “bot” or “bots” which indicates that the tweet was directly posted by a Twitter bot.
9337 tweets met two or more of the criteria above. Thus, bots constitute 4.0% of the Dogecoin

dataset.

Note that if a user alone has “bot” in the username, it does not fulfill the criteria in the heuristic
approach. Two or more of the criteria must be met in order for a bot detection to be considered.
The overview of the number of usernames containing “bot” is only included to demonstrate the

number of usernames that might be directly linked.

Kraaijeveld and De Smedt, 2020 found that by applying a heuristic approach to detect the
presence of cryptocurrency-related bots, an estimate of 1-14% of the tweets were bots.
However, the researchers claim that the frame is an estimate and that the actual number
probably is higher. The heuristic approach conducted in this paper returned an estimate of 2.4
- 4% of tweets posted by bots. This paper investigates the presence of bots through a heuristic
approach, therefore only an estimated number of accounts are considered bots. Table 16 sums

up the observed findings.

Bitcoin Ethereum Uniswap Dogecoin
Bots 3.2% 4.0% 2.4% 4.0%
# tweets meets criteria | 10946 12833 6845 9337
“Bot” in username 3024 6314 2041 1304

Table 16. Percentage of detected bots in each cryptocurrency dataset
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6.5 User analysis
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Figure 23. UpSet plot of unique users in common

The UpSet plot shows a visualization of intersecting users across the four cryptocurrency
datasets. The plot shows 3218 unique users in common across all four datasets. The horizontal
bars on the left indicate the total number of unique users for each cryptocurrency set. The first
four vertical bar plots show the number of unique common usernames excluded from other
cryptocurrencies, meaning that they are uniquely represented in one cryptocurrency. Out of the
four cryptocurrencies, Bitcoin and Ethereum have the most unique users in common, with
12062 users. The smaller cryptocurrencies, Dogecoin and Uniswap, have 3031 unique users in

common.

The user analysis will be conducted as follow. First, a sample of 10% will be collected from
each of the four user categories uniquely represented in one cryptocurrency. Hence, the group
of users that falls outside the category of common users between sets. The sample will be
collected to investigate the users' sentiments and emotions and how much this group of users

accounts for interactions.
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Secondly, I will investigate the 3218 unique users in common across the four cryptocurrency
sets. Thirdly, I will examine the unique users in common between smaller coins, Dogecoin and
Uniswap, and larger coins, Bitcoin and Ethereum, to present common and distinct features

between the users.

6.5.1 Sample subset
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Figure 24. Highlight of the four first bar plots

Intersection size

A sample of 10% was collected from each set of the group of unique users that fall outside the
category of common unique users between all sets, to investigate the user's interactions.
Therefore, 5497 users were sampled from Bitcoin, 4914 users from Ethereum, 8097 users from

Uniswap, and 6756 users from Dogecoin.
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Unique users| # Tweets # Unique Sentiments Emotions Frequency #5
tweets top users
Happy 41% 1611
Positive 57% Fear 26% 319
25 264 46 641 45913 Neutral 30% | Surprise 18% 282
Negative 13% | Sad 11% 268
Angry 4% 216

Table 17. Sample data

The majority of users from the sample are labeled with positive sentiments and emotions. The

group of users is labeled 57% positive and 41% happy. The sentiments of the top five users

with the highest frequency of tweets in the dataset are 82% positive, and the most labeled

emotion of the users is surprise 36%, followed by 35% happy. The top five users with the

highest frequency of tweets in the dataset constitute 6% of the dataset.

The most discussed topics generated from the word frequency analysis show that most high-

frequency words are the names of the cryptocurrencies and their ticker symbols (e.g. ““BTC”).

Subsequently, the cryptocurrency tickers are removed to have more topics returned. The topics

discussed among the users are related to cryptocurrency, price, increase, nfts, buying and

airdrop.
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Figure 25. Top 10 frequent words after removed tickers
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6.5.2 Unigue users in common

. Average
4 Tweets # Unique | Max tweet twest Max word | Average | Max word | Average Sentiments | Emotions Frequency #5
tweets volume count word count length word length top users
volume
Fear 36% 7093
Positive 44% [ Happy 27% 4704
225432 | 220921 3049 296 51 16 254 109 Neutral 37% | Surprise 19% 4619
Negative 17%| Sad 12% 4208
Angry 6% 4033
Table 18. Descriptive statistics of unique users in common across all four sets
The 3218 unique users in common across the four sets have tweeted a total of 225432. The top
emotion amongst the users is fear, with 36%. In addition, the users are 44% positive overall.
The top five users with the highest frequency of tweets are labeled 38% fear and 21% happy.
The most labeled sentiment is 43% positive. The top five frequent users constitute a percentage
of 11%.
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Figure 26. Tweet volume users in common
The maximum tweet volume amongst the users is 3049, while the highest tweet volumes are
between July and August 2021.
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Figure 27. Top 10 frequent words

From the top 10 frequent words, the name of the cryptocurrency and tickers: “bitcoin”, “btc,

“ethereum”, “eth”, “dogecoin”, “doge”, “uniswap” and “uni”, are excluded to get more topics

in return, as the tickers have the highest word frequencies.

The most discussed topics among the unique users across the sets are primarily related to
cryptocurrency news, updates, and prices with the highest frequencies in the sets. Further, a
high frequency of discussions about price predictions appear among unique users across sets,
11562 times. Elon Musk has a frequency of 5386 in the tweets, where the users are discussing
Musk’s tweets regarding his support of Bitcoin and Dogecoin. Elon Musk is known for his
technological prowess and has a large social media following. He is also known to hype
cryptocurrencies and frequently uses his platform to communicate with his followers about
cryptocurrencies. Per May 2022, Musk has a Twitter following of 91.4 million (Twitter.com).
The users are discussing the rise in prices and reacting to tweets from Musk with “pump,” which
is an increase in price, or “dump” which is the price decreasing. An example of a “pump” tweet
reacting to Musk’s tweet is: “Musk tweets his favorite cryptocurrency pumps again!”. An

example of a “dump” tweet is: “Your hero Elon Musk dumped btc bitcoin”.
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6.5.3 Unique users Bitcoin and Ethereum

A A F
# Unique | Max tweet verage Max word | Average | Max word verage . . requency
# Tweets tweet word Sentiments | Emotions [#5 top
tweets volume count |(word count| length
volume length users
0,

Positive 51% Fear 36 /3 1493
Neutral 32% Happy 31% 7°6
90 541 86 136 2132 119 52 18 254 125 Negative Surprise 16% 719
o Sad 10% 709
’ Angry 7% 701

Table 19. Descriptive statistics of unique users in common between Bitcoin and Ethereum

Bitcoin and Ethereum have 12062 unique users in common, which in both datasets have tweeted

a total of 90541. The top sentiment among the users is 51% positive, and the most labeled

emotion is 36% fear. The five users with the highest frequency of tweets are labeled 58% neutral

and 45% fear. The top five frequent users constitute a percentage of 5%.
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Figure 28. Tweet volume among unique users - large coins
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The maximum tweet volume is 2132, where the highest tweet volumes are between July and
August 2021.
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Figure 29. Time series plot BTC and ETH closing price

The time series plots show the change in cryptocurrency price in the time period of January
2020 — January 2022 for Bitcoin and Ethereum. We can observe a price dip in July 2021, where
Ethereum fell below $2700 and Bitcoin below $300000 towards the end of July. Subplots are
used as the coins are on different scales. The emotion amongst the users in the period of the
price dip is 40% fear, and the sentiment is 52% positive. The highest tweet volume is in the

same period as the price fall in July 2021.

To identify the most discussed topics amongst the users, the cryptocurrency tickers

“bitcoin” (77404), “btc” (75677), “eth” (54763), and “ethereum” (50556) are excluded.
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Figure 30. Top 10 frequent words among unique users - large coins
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Major concepts and topics discussed among the users are related to increase, trading and price.
There’s a high frequency of “fomo” (1116), which refers to the fear of missing out. Since both
Bitcoin and Ethereum do not pay dividends, their returns depend on increasing prices. The term
“hodl” has a frequency of 1114. The term HODL refers to the idea of holding cryptocurrencies
for the long term. It's also commonly used by crypto investors to describe their desire to hold
on to the asset for a long time. The term “moon” also occurs in the dataset 1028 times. An
investor's goal is for their assets to gain as much value as possible through reaching high
valuations. When referring to cryptocurrencies, the term mooning refers to the sudden increase
in the asset's value (Becker, 2021). If you look at the charts of various cryptocurrencies, it would

appear that the asset's value has taken a sharp turn up during a period of increase.

6.5.4 Unique users Dogecoin and Uniswap

A A F
# Unique | Max tweet verage Max word | Average | Max word verage . . requency
# Tweets tweet word Sentiments | Emotions [#5 top
tweets volume count |word count| length

volume length users
Happy 44% 218
Positive 55% | Fear 22% 168
13901 13830 353 18 51 13 254 83 Neutral 37% | Surprise 18% 160
Negative 14%| Sad 12% 92
Angry 4% 89

Table 20. Descriptive statistics of unique users in common between Dogecoin and Uniswap

Dogecoin and Uniswap have 3031 unique users in common, which in both datasets have
tweeted a total of 13901. The top sentiment among the users is 55% positive, and the most
labeled emotion is 44% happy. The five users with the highest frequency of tweets are labeled
51% positive, and 48% happy. The top five frequent users constitutes a percentage of 5%.
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Figure 31. Tweet volume among unique users - small coins

Amongst the unique users in the Dogecoin and Uniswap sets, the maximum tweet volume is
353, where the highest tweet volume is in February 2021.
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Figure 32. Time series plot Dogecoin and Uniswap closing price

The time series plots show the change in cryptocurrency price in the time period of January
2020 — January 2022 for Dogecoin and Uniswap. Subplots are used as the coins are on different
scales. Uniswap prices started September 17™ 2020. Dogecoin had a peak in May 2021 when
the coin reached an all-time high of $0.688813 (CoinMarketCap, 2022). Uniswap peaked in
April 2021and reached an all-time high with a market cap of $43.22 688813 (CoinMarketCap,
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2022). Also, Dogecoin and Uniswap had a low dip in July 2021. The emotion amongst the

users in this period is 49% happy, and the sentiment is 53% positive.
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Figure 33. Top 10 frequent words among unique users - small coins

The cryptocurrency names and tickers “doge”, “dogecoin”, “uni”, and “uniswap” are excluded
to get more topics in return, as the tickers have the highest word frequencies. The concepts and
topics discussed amongst the unique users in common in the Dogecoin and Uniswap are
associated with discussing an increase and buying of cryptocurrency. There’s a high frequency
of positively charged words such as “like” and “good”. There’s also a high frequency of the

word “dogearmy” which refers to fans of Dogecoin.

The discussion amongst the users is also centered around Elon Musk, “moon” and “airdrop”.
An airdrop is a free distribution of an asset. Uniswap launched its token with a massive airdrop
in September 2020 (Uniswap.org). Elon Musk has been called the “Godfather of Doge” because

of his frequent tweets, memes and concerns regarding Dogecoin (Tandon et al., 2021).
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6.6 Event study

In this part, the event study will be presented. First by defining the events of interest for each
of the four cryptocurrencies. Further, the timeline of the event windows will be defined. Then
the pre-events (before), events (during), and post-events (after) for each of the coins will be

presented. Lastly, the identifying key findings will be presented.

6.6.1 Defining the Events

Event 1: Bitcoin

On January 28" 2021, Elon Musk, the CEO of Tesla, added #bitcoin to his Twitter profile,
which immediately boosted the cryptocurrency's price (Kendall, 2022). Tesla also confirmed
that it would start accepting Bitcoin as a payment method for its electric vehicles (Kendall,
2022). Shortly after, on February 8™, Tesla announced that the company had bought $1.5 billion
of Bitcoin (Kendall, 2022).

Event 2: Ethereum

On November 8™, 2021, Ethereum hit an all-time high at $4.8k. A few days later, on November
11", 2021, NFTs are taking off which generates an increase in the Ethereum price
(TradingView, 2022). NFT stands for Non-fungible tokens, which means they are unique and
are not interchangeable with anything else. NFTs run on smart contracts through the Ethereum
network.

Event 3: Dogecoin

Elon Musk has frequently talked about Dogecoin on Twitter and referred to it as his favorite
digital currency on NBC's Saturday Night Live (Browne, 2021). On December 14™, 2021, Elon
Musk tweeted that Tesla merchandise would be buyable with Dogecoin. The announcement

generated a price increase of 20% (Browne, 2021).
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Figure 34. Elon Musk tweet (Source: Twitter.com)

Event 4: Uniswap

On September 17, 2020, Uniswap launched its token with a massive airdrop where 15% of the
total supply was distributed through an airdrop (Introducing UNI, 2020). 400 UNI* each were
distributed to users who had used their protocol prior. An airdrop is a free distribution of an

asset.

6.6.2 Defining the Event Timeline

As mentioned in the methodology, an event study considers three important time-periods or
windows: the pre-event window, the event window, and the post-event window. The days of
the event window are typically covered by the events that occurred during that specific period.
This means that the event window can start from a certain point in time and extend into the
following days (Kliger & Gurevich, 2014). Although many studies use a long event window as
their starting point, the length of the window is still subject to debate. In this event study, the
pre-event window is defined to be three weeks before the event window. The event window has
a timeline of three weeks, while the post-event window is three weeks after the event window.
There is a central point to avoid overlap. The event window is the main window of interest and
should have a length where it’s feasible to view the effect (Kliger & Gurevich, 2014). Therefore,

the event window also has a timeline of three weeks.

4 Uniswap tokens/coins
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6.6.3 Event windows

Event 1: Bitcoin

Pre-event start

Pre-event end Event start Event end Post-event start Post-event end
th
Jan 77 2021 Jan 27t 2021 Jan 28t 2021 Feb 1812021  Feb 19t 2021 March 12t 2021
| | | | | >
| | { | {
\ | \ 1 l ! '
Pre-event window Event window Post window
Figure 35. Event study timeline for Bitcoin. Adapted from Kliger & Gurevich (2014)
Pre-event

13685 users tweeted during the pre-event, where 6406 of these are unique users. During the
pre-event, majority of the users are labeled with the emotion fear with 37%. The users'

sentiment in this period is 52% positive, 29% neutral, and 19% negative.

The word frequency analysis was used to provide an overview of major concepts and topics
discussed in the tweets. The topics and discussions in the pre-event are predominantly related
to price discussion, users are tweeting about buying and an increase in Bitcoin. The word
“price” has a frequency of 1436, “buy” (1428) and “increase”(886).

Event

The event window is the main period of interest in the event study. 19985 users tweeted during
the event, where 9795 of these are unique users. 38% of the users were labeled happy. The

users' sentiment during the event is 51 % positive, 32 % neutral, and 17 % negative.

From the observed topics and discussions generated from the word frequency analysis, there is
a high frequency of the words “buy” (3743), “increase” (2588), “price” (2337), and “news”
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(2299). The discussion about a price increase heightened from the pre-event window to the

event window.

1856 tweets contained “Elon” or “Musk” during the event. Out of the 1856 tweets about Elon
Musk in the event period, 48% of these are labeled positive. The most labeled emotion in the
Elon Musk discussion is happy, followed by surprise. “Twitter bio” has a frequency of 247
tweets where the discussion is directly related to the fact that Elon Musk changed his Twitter
bio to #bitcoin. In addition, Tesla and SpaceX have a frequency of 620. From the pre-event
timeline to during the event, the emotions have shifted from fear to happy. The sentiments are
still around 50% positive. Thus, the percentage of positive tweets remains approximately

unchanged, and negative sentiments have decreased slightly.

Post event

14026 users tweeted during the post event, where 6764 of these were unique users. During the
post event, 36 % of the users have the emotion of fear. However, the overall sentiment of the

users is 50% positive, 34 % neutral, and 16% negative.

There are fewer words containing “Elon” or “Musk” in the post event. There’s now a frequency
of 432, where the top sentiment amongst users is labeled 48% positive. In the post event, the
top topics are centered around an increase of Bitcoin with a frequency of 1371, followed by
discussions about trading, money and prices. In addition, there are discussions around altcoins
such as Ethereum, Dogecoin, XRP, Ada and Litecoin. There are discussions around decreasing
and lying with a frequency of 894. This indicates that the discussion during the event has
continued in the post event, thus with a shift. From the timeline of the event to the post-event,

the most expressed emotion has shifted from happy to fear.
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Figure 36. Unique users in common Bitcoin event
Figure 36 describes the number of unique and common users before, during and after the event.

There’s a total of 765 unique users in common across the three windows. There’s a larger

interaction of users during the event window.

Event 2: Ethereum

Pre-event start Pre-event end Event start Event end Post-event start Post-event end
Oct 17% 2021 Nov 7t 2021 Nov 8% 2021 Nov 29" 2021 Nov 30" 2021 Dec 20% 2022
| | | | | | >
! | ! ! ' |
L] \ 1 | —
I I
Pre-event window Event window Post window

Figure 37. Event study timeline for Ethereum. Adapted from Kliger & Gurevich (2014)
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Pre-event

15728 users tweeted during the pre-event with a total of 10125 unique users. During the pre-
event, most users are labeled with the emotion happy 35% followed by fear 33%. The users'

sentiments in this period are 49% positive, 38% neutral and 13% negative.

The most discussed topics in the pre-event are NFTs with a frequency of 4087, also “art” (2949),
“nftcommunity” (1099) and “digitalasset”(1015) has high frequencies. The sentiments towards
the discussion on NFTs are 44% positive. The most labeled emotion in the discussion is 43%
happy, followed by 31% fear. The discussion is also centered around cryptocurrency price, wish

for an increase and DeFi (decentralized finance).

Event

During the event, 14702 users tweeted. 7607 of these users are unique. During the event, most
users are 56% positive, 29% neutral, and 15% negative. 37% of the users are happy, followed
by fear, 28%, and surprised by 19%.

The most discussed topics during the event window are related to NFTs (4102), Opensea
(1582), and gas fees (1262). Opensea is the largest NFT marketplace. The sentiments towards
the discussion are 53% positive, and most emotions are labeled happy, 54%, and fear 32%. A
gas fee is a cost for transactions on the Ethereum blockchain. The gas fee increases as the
network get more complex due to the amount of transactions it handles (Ethereum.org). Fear is

the most labeled emotion in the discussion of gas fees.

Further, the discussion is related to the increase in price for Ethereum, with the frequency of
words such as “price” (1375), “increase” (1261), and “defi” (1254). The sentiments towards the
discussion concerning the increase of the Ethereum price are 56% positive. The majority of
emotions are labeled happy, 38%, followed by fear, 30%. From the pre-event timeline to the

event, the positive sentiment has increased by 7%.

25.05.2022 Student number: 874043 Page 84 of 122



Post event

There are 11851 users in the post event, where 5909 of these are unique users. During the post
event window, most sentiments are labeled positive, 47%, followed by neutral at 35%, and

negative sentiments at 18%. The most labeled emotions among users are 38% fear and 39%
happy.

The topics discussed by the users still revolve around NFTs and the nftcommunity, with a
frequency of 3472. The sentiments towards the NFT discussion are now at 42% positive. Users
seem to be more interested in price discussions, with a frequency of 2471. In the post event,
there is a price discussion about Ethereum decreasing in price, with a frequency of 668. The
sentiments in these tweets are predominantly negative, and the emotions are labeled with fear.
From the event's timeline to the post-event, the sentiment is still positive but has decreased
slightly. The emotion has shifted to 38% fear, while users are being labeled happy in both the

pre-event and the event.

Users across time
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Figure 38. Unique users in common Ethereum
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There are 363 unique common users involved in all the three stages of the event. The before
window has a larger interaction than during and after the event. Thus, there are more unique

users in common during and after.

Event 2: Dogecoin

Pre-event start Pre-event end Event start Event end Post-event start Post-event end
Nov 22d 2020 Dec 12t 2021 Dec 14 2021 Jan 4t 2022 Jan 5t 2022 Jan 261 2022
Pre-event window Event window Post window

Figure 39. Event study timeline for Dogecoin. Adapted from Kliger & Gurevich (2014)

Pre event

11050 users tweeted during the pre-event, where 5560 of these were unique users. The majority
of the users are positive 59%, neutral, 28%, and negative 13%. The top emotion is happy 36%,
followed by sad 22%.

The most discussed topics in the pre-event are related to a wish for an increase in Dogecoin.
The word “increase” has a frequency of 2521. There are discussions about other meme coins,
such as Shiba Uni, with a frequency of 1387. The sentiment in the discussions about Shiba Uni
is 55% positive. Elon Musk appears in the discussion 562 times in the pre-event. The sentiment
in the discussion about Elon Musk is 43% positive, and the most expressed emotions are 44%

happy and 23% surprise.
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Event

During the event, there were 8463 tweets where 3809 of the users were unique. The most
common sentiment is positive at 60%, followed by 30% neutral and 10% negative. The most

labeled emotion is happy, 40%.

The discussion during the event is centered around the increase of Dogecoin. 1658 tweets
contain “moon”, which often is used to describe a cryptocurrency's rise in value. Another
common use of the phrase is “to the moon,” which suggests that an asset will rise in price soon
(Mitra, 2021). Another topic is the increase of Dogecoin, which has a frequency of 1231 during
the event. Elon Musk appeared in the discussion 878 times during the event. 57% of the
discussions in regard to Elon Musk are positive. The most labeled emotion in this discussion is

happy 29%, followed by surprise 27%.

Post event

In the post event, there are 11012 users, 4414 of these users are unique. During the post event,
the majority of the users are labeled with the emotion happy 41%, followed by surprise at 21%.

The users' sentiment in this period is 53% positive, 30% neutral, and 17% negative.

In the post event, the topic of Tesla and Elon Musk continues. The words with the highest
frequencies are “increase” (1353), “tesla” (1198), and “accept” (10445). The discussion around
“accept” is linked to the Elon Musk tweet in the event window about accepting Dogecoin as

payment for Tesla merch. The sentiments in the discussion are predominantly positive.

However, the conversation topic shifts in the post event. On January 25, 2022, Elon Musk
posted a tweet that said he would eat a happy meal on TV if McDonald's accepted Dogecoin.
Therefore, “McDonald's” also appears in the post event with a frequency of 593. The sentiments
in the discussion are 77% positive, and the emotion among users is 43% happy. The words
“accept” and “increase” are also in the context of this event. From the timeline of the event to
the post-event, the positive has sunk by 7%. The percentage of negative users increased slightly

after the event.
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Figure 40. Unique users in common Dogecoin
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There’s a total of 398 unique users in common across the three windows. There’s a larger user

interaction before the event than during and after. There are more users in common during and

after the event.

Event 4: Uniswap

Pre-event start Pre-event end

Event start

Event end Post-event start Post-event end
Sep 61 2020 Sep 16" 2020 Sep 171" 2020 Oct 8t 2020 Oct 9t 2020 Oct 30t 2020
| 1 1 | l L
\ \ l \ ! \
| . J | | J | | J
Pre-event window Event window Post window

Figure 41. Event study timeline for Uniswap. Adapted from Kliger & Gurevich (2014)
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Pre-event

In the pre-event, there were 12758 users and 6358 of these were unique. Most users are labeled
with the emotion happy 32%, followed by fear 30%. The users’ sentiments during the pre-event

are positive 52%, neutral 30%, and negative 18%.

The topics discussed in the pre-event are related to liquidity, price, and trading. In addition,
there’s a high frequency of words such as “defi” (2273), “liquidity” (1370), and “buy” (1145).
There’s also a frequency of the word “airdrop” (992) where users are anticipating an airdrop.

The sentiments in this discussion of an airdrop are 84% positive.

Event

During the event, 12524 users tweeted, 4346 of these were unique users. The majority of the
users are positive 69%, neutral, 19%, and negative 13%. The top emotion amongst the users is
surprise 34%, followed by happy 31%.

The most discussed topic during the event was the airdrop, with a frequency of 2635. The
sentiment related to the discussion of airdrops is 89% positive, and the top emotion amongst
the users is happy 79%. Further, the most common words during the event are “thanks” and
“thank” with a total frequency of 3761. In addition, the word “amazing” occurs 1171 times.
This indicates that the users are showing gratitude for the distributed airdrop. From the pre-

event timeline to the event, the positive sentiment has increased by 17%.

Post event
12361 users tweeted in the post event. 7541 of these users are unique. During the post event,

57% of the users are positive, 27% are neutral, and 17% are negative. The most expressed

emotion amongst the users are happy 41% and surprise 26%.

In the post event, the topic of discussion is a continuation of the event where the massive airdrop

is still discussed, now with a frequency of 1736. The word with the highest frequency is “thank”
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2672. The sentiments amongst the users in the discussion of the airdrop are 68% positive, and

47% of the users are happy, which is the most labeled emotion in the discussion. In addition,

5

there’s a price discussion amongst the users where “liquidity”, “increase”, “price” and “buy”
have high frequencies. The price discussion is 69% positive, indicating that the users are

hopeful for a price increase.
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Figure 42. Unique users in common Uniswap

There are 469 unique common users involved in all the three stages of the event. The after event
window has a larger interaction than before and during the event. There’s more users in

common before and during the event.
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7 Discussion

In this section the findings conducted in the analyses of the multiple-case study will be

presented and discussed. This section aims to answer the research questions based on the

findings in the conducted data analyses.

7.1 Different social media user interactions around cryptocurrencies

Statistics Bitcoin Ethereum Uniswap Dogecoin

# Tweets 349 654 320 688 291 051 230 683

# Unique tweets 334074 298 711 267 598 215 283

# Unique users 90 066 88 585 111579 86 519

Bots 3.2% 4.0% 2.4% 4.0%

Positive 49 % Positive 51% Positive 57% Positive  55%
Sentiments Neutral 33% Neutral  34% Neutral 29% | Neutral 32%
Negative 18% Negative 15% Negative 14% Negative 13%
Fear 35% Fear 35% Happy 37% Happy 44%
Happy 33% Happy 31% Fear 28% Fear 19%
Emotions Surprise 16% Surprise  17% Surprise  20% | Surprise 17%
Sad 12% Sad 11% Sad 11% | Sad 16%
Angry 4% Angry 6% Angry 4% | Angry 4%

25.05.2022

Table 21. High-level analysis

The high-level analysis provides a reflection of the findings regarding the user interactions on

the different cryptocurrencies. There is a deviation between the number of tweets and the

number of unique tweets in the datasets. The deviation is 4% at the lowest and 8% at the highest.

The deviation may be due to the occurrence of Twitter bots in the dataset.

As a result of the sentiment analysis, both VADER and TextBlob returned the highest level of

positive sentiments across all the four cryptocurrencies. Additionally, the level of neutral tweets

is also higher than negative. The positive sentiments are between 49% at the lowest, and 55%
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at the highest among all the cryptocurrencies. In the study by Abraham et al. (2018), the findings
revealed that when sentiment analysis is conducted, it tends to find tweets to be more neutral
than the public sentiment. This makes the results less efficient as the sentiment does not indicate
a clear pattern. The study concluded that Twitter sentiments regarding cryptocurrency tend to
be positive despite price changes (Abraham et al., 2018). Also, the study conducted by Narman
and Ulu (2020) observed more positive sentiments than negative sentiments in their research
on cryptocurrencies. However, the degree of positivity and negativity varies depending on the
currencies. The sentiments in all datasets are generally a majority of positive sentiments. A
study by Kennedy et al. (2006) found that lexicon-based methods generally tend to have a
positive bias. The smaller coins, Dogecoin and Uniswap are higher in positive sentiments and
the most expressed emotion is happy. The larger coins, Bitcoin and Ethereum are lower in
positive sentiments compared to the smaller coins, in addition the most expressed emotion is

fear.

The findings in the word frequency analysis reveal that the most high-frequency words have a
close relationship to their respective categories, hence other cryptocurrencies. Amongst all the
cryptocurrencies, the token name and ticker (e.g. ‘“btc”) has the highest frequency. There are
high frequencies of other cryptocurrencies in the overviews of the 10 most frequent words in
each dataset. The findings also show that the same topics are recurring in the different
cryptocurrencies. The word frequency analysis returns a high frequency of either the word
“price”, “buy”, or both in all four cryptocurrency datasets. This indicates an ongoing discussion
of buying tokens and the prices of the currencies. Researchers have studied the effect of word-
of-mouth. For instance, Phillips and Gorse (2022) state that word-of-mouth is believed to be an
important factor in making an investment decision. It has been shown that investors are more
likely to share their characteristics with their peers. In the digital age, this can be linked to online

discussions on social media and may explain the recurrence of the same topics across all coins.

In the Bitcoin dataset, “eth” is the fourth and “ethereum” the sixth most mentioned word.
Mentions about Ethereum have a total frequency of 97216 (28%). In Ethereum, “bitcoin” is the
second most mentioned word and “btc” the third. Bitcoin has a total frequency of 238688 (74%)
in the dataset. In the Dogecoin dataset, “bitcoin” is the fifth and “btc” the eighth token with the
highest frequency. Bitcoin has a total frequency of 58021 (25%). In the Uniswap dataset,

Ethereum is the second word with the highest frequency and appears 38812 times in the dataset
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(13%). There is a connection between the cryptocurrencies, and there is a similarity where the
word frequencies refer to the larger cryptocurrencies Bitcoin and Ethereum. Bitcoin is the most
mentioned cryptocurrency across the sets. Bitcoin is often viewed as the driver of other
cryptocurrencies. A research by Kumar and Anandarao (2019) showed that Bitcoin has

significant spillover to other cryptocurrencies, for instance Ethereum.

7.2 User interaction in larger coins compared to smaller coins

Dogecoin and Uniswap are significantly smaller than Bitcoin and Ethereum in market cap,
making them smaller cryptocurrencies. Dogecoin was created as a meme coin and joke of
Bitcoin, Uniswap was created to enable users to trade cryptocurrencies without third-party
involvement. Bitcoin was created as a currency to store and manage digital assets, and Ethereum

was created as a decentralized network to distribute processing power.

The findings in the user analysis demonstrate the analytical utility of UpSet and Social set
analysis. The findings show more unique users in the Ethereum and Bitcoin sets. The users have
a higher tweet frequency and volume than the unique users in common in the Dogecoin and
Uniswap sets. In addition, the users in Dogecoin and Uniswap have a shorter word count and
word length in the tweets compared to the users in the Ethereum and Bitcoin sets. This illustrates
that the users generally have shorter tweets in the discussion of smaller coins. The most labeled
sentiments across the users in both small and larger coins are mainly positive with just over
50%, while the emotions differ. Unique users in common between the smaller coins are mostly
labeled with 44% happy, followed by 22% fear. While the emotions amongst the users tweeting
about the larger coins are labeled as 36% fear, followed by 31% happy. The smaller coins are
generally more positive in both sentiments and emotions. The findings of Aslam et al. (2022)
revealed that the majority of the Twitter users had the emotions happy, followed by fear and

surprise in regards to the study on cryptocurrency-related tweets.

All of the four cryptocurrencies had a price fall in July 2021. Thus, the users have different
sentiments and emotions regarding this. The unique users in common in the Ethereum and
Bitcoin sets are predominantly labeled with 40% fear in the period of the price dip, however
the sentiment is 52% positive. The unique users in common in the Dogecoin and Uniswap sets

are 49% happy in the same period, and the sentiment among the users is labeled 53% positive.
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This indicates that the users in the smaller coins showed a dominant positive sentiment during
the period, and were more hopeful and positive despite a price dip. In a study by Burggraf et al.
(2020), the results show that when investors are more pessimistic, Bitcoin declines. This is
similar to the behavioral finance theory of Demiret al. (2018), which states that the relationship
between cryptocurrencies and uncertainty is negative. Moreover, this can be linked to investors’
risk-taking behavior concerning larger coins. The result of the user analysis found that this

theory relates to larger coins to a greater extent than to smaller coins.

Dogecoin was initially created of memes in social media. Meme coins go hand in hand with
social media because it has its establishment and growth directly from social media platforms.
The CEO of Binance, the world's largest cryptocurrency exchange platform, stated that due to
its relatively small size, Dogecoin is an ideal target for social media users to reach a larger
audience that can significantly impact the price (Zhao, 2021). Because of the popularity of
Dogecoin and Uniswap on social media platforms, their price tends to spike with a spike in
conversation. Therefore, smaller coins are more prone to market sentiment (White-Gomez,
2022).

The topics among the unique users in common are related to cryptocurrency news, updates, and
prices. At the same time, unique users among the larger cryptocurrencies discuss topics related
to an increase, trading and price, which indicates that the discussion is related to the
cryptocurrency market and financial assets. A recent publication by Ortu et al. (2022) studied
cryptocurrencies in the environment of social media, where the influence of the online
discussion of the two largest cryptocurrencies Bitcoin and Ethereum are considered. The study
found the recurrence of topics and sentiments in both cryptocurrencies and that the influence of

the user-generated content effected the cryptocurrency market.

Among the unique users in the smaller coins, the main topics are relates to a price increase and
investments, but with a higher frequency of positively charged words. Based on the findings,
one can assume that sentiments and emotions towards smaller coins are more positive because
conversations and discussion topics among smaller coins seem to build more excitement and
hype through tweets, which seem to be contagious among the users. For example in Dogecoin,
the users engage in conversation with one another by tweeting “dogearmy”, which refers to a

group of Dogecoin fans on social media who are known for hyping the coin. Smaller coins seem
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to have a higher degree of hype-based discussions. Sociologists believe that the failure and
success of cultural markets can be attributed to the various social feedback processes that occur
during the hype, these include the activation of fear or excitement (Salganik et al., 2008). In the
case of cryptocurrency, Jahani et al. (2018) describe this as a hype-based social process where

smaller coins gain popularity due to the excitement generated by the community.

7.3 Important events effect on the user interactions

The event analysis investigated three time-periods of before, during and after in relation to
important cryptocurrency-related events. The findings in the event study present three key
results. The first key result is that the findings show a temporal dynamic shift regarding
sentiments and emotions, where events indeed affect user interactions. The event study shows
a consistent shift, where an event affects the conversation topics, sentiments, and emotions
compared to the before and after window. The comparison between the pre-events, events, and
post events shows that the timeline before the discussion and topics return to the state of the
pre-event is a short window. For example, in the Bitcoin event, the emotions shifted from 37%
fear in the pre-event, to 38% happy during the event to 36 % fear in the pre-event window. The
same pattern is recurring regarding sentiments in all three windows, where the sentiments shift
during the event but return to approximately the same percentage in the post-event as in the pre-
event. The change is therefore temporal. For example, in the Uniswap event, 52% of the users
were positive in the pre-event, 69% positive during the event, and 57% positive during the post-
event. The results show that approximately 50% of the tweets are positive in the pre-event, and
that there are more neutral tweets than negative. Therefore, this may indicate that the changes
in sentiment and emotions require a timeframe. Thus, there exists a relationship between events
and attitude. However, the relations vary according to the currency. Case in point, a study by
Mukkamala et al. (2017) found that temporal distributions of user interaction in social media

are a structural indicator of net positive.

The second key result is that the representation of a topic changes throughout the three-event
windows. The evolution of topics throughout the windows is viewed in the context of word
frequencies. The frequency of trending topics occurs during the pre-event, peaks during the
event, and decreases somewhat in the post event. For example, during the Uniswap event, the

topic of the airdrop was already anticipated in the pre-event. The frequency peaked during the
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event, and the topic discussion continued in the post event, thus with a slightly decreased
frequency. Topics change over the span of the different windows. Therefore, there’s a relation
between the topics during the event and after the event, where the discussion topics continue.
Different concepts have additional importance for a specific topic, based on the sentiments and
emotions of the users. Further, based on the chosen timeframe of a three-week window for
each of the events, the results have shown that the users tend to adopt a topic and join in on
trending discussions rather fast. Consequently, the importance of a topic gains or loses
importance and frequency over the windows. The word frequency analysis gave clear indication
of recurring topics, which indicates that a majority of the tweets are related to the specific topics
of the event. The researchers in Linton et al. (2017) found that online communities that are
focused on cryptocurrencies are more likely to have strong word-of-mouth. In addition, they

are more likely to discuss and form opinions on relevant events.

The third key result is related to the influence of Elon Musk. The findings in the Bitcoin and
Dogecoin event analysis show that there is a window where Elon Musk’s tweets have an impact,
which is between the event and the post-event window. For example, in the Bitcoin event study,
we see that the discussion regarding Elon Musk during the event is labeled 48% positive. In the
post-event, the discussion amongst the users is still at 48% positive, but with a higher frequency
of negatively charged words. The discussion regarding Elon Musk is 57% positive during the
Dogecoin event. The most labeled emotion in this discussion is happy, followed by surprise. It
IS a temporary effect as the sentiment decrease to 53% positive in the post event. There is a
window in time where the tweets from Elon Musk have a bigger impact, which is in during the
event window. In the Dogecoin post event, the conversation topic changed from the main topic
during the event to Musk’s tweet about McDonald’s. This resulted in “McDonalds” having a
high frequency in the discussion. Moreover, this shows that Musk’s tweets indeed have had an
effect on the topics and discussions amongst the users, where a single tweet causes a shift in
the discussion. Not on the greatest importance regarding the sentiments and emotions, but in

terms of shifting the discussions and topics across the windows.

A study by Ante (2021) revelated that Elon Musk has a powerful influence on the
cryptocurrency market and users. Due to the increasing number of people and the flow of
information, it has become easier for a single user to influence and affect an entire market (Ante,

2021). For instance, the “Musk effect” phenomenon occurs when Elon Musk tweets about
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cryptocurrencies such as Bitcoin and Dogecoin and causes a price spike in the assets (Ante,
2021). It can be explained by the sudden increase in the price of cryptocurrencies after Musk's
tweets about various topics, for instance, Bitcoin and Doge. When Musk tweeted that Tesla
would accept Dogecoin as payment, Dogecoin spiked and traded up 23%. Musk's prolific use
of social media and the increasing interest from amateur investors drove the price of Dogecoin
higher. Since the currencies do not pay dividends, their returns are dependent on the increasing
prices. If a well-known individual or company influences retail investors to buy

cryptocurrencies, this could cause them to end up paying the highest price.
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8 Limitations

The results of the research should be considered in the context of limitations. Aside from
addressing the research questions, the process also generates additional aspects that can be
explored in future research. One of the limitations of the research is the data collection. The
scraped data only represents a small portion of the complete data. For instance, the Snscrape
library can’t pull all of the details related to the cryptocurrency interactions because the data is
scraped based on keywords. Therefore, only interaction related to the keywords was extracted,

even though the user interactions may go beyond this.

Another limitation is the timeframe of the data. The scraped tweets are between the time period
of January 1%, 2020 till January 31%, 2022, due to the limited time on the thesis. Furthermore,
because of the time constraints, a sentiment classifier was not built. Instead, lexicon-based
sentiment analysis generated by VADER and TextBlob was utilized. Therefore, the results of
the research may be affected by the lack of a sentiment classifier, because lexicon-based

approaches can obtain lower accuracy than supervised techniques.

Only data from one social media platform was used. The limitation of the data source is that
Twitter data often lack lengthy comments. For this reason, it can be useful to investigate other
social media platforms that also have a high frequency of posts or social media platforms with
high-quality posts at a lower frequency. In this way, the scope of the research can be
investigated in more depth. In addition, the research was limited to four cryptocurrencies.

Additional research could analyse more cryptocurrencies to compare user interactions.

The possible effects of Twitter bots on interactions are not researched due to the scope of the
research. In addition, a heuristic approach was conducted. For this reason, the actual number of
Twitter bots may be higher than the observed number. For instance, if a tweet refers to a
giveaway, it is highly possible that it’s tweeted by a bot. However, the tweet is only classified
as a bot account if additional criteria is met. Therefore, the number of bots in the dataset may
be higher than presented.
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9 Conclusion and implications

The research aimed to study cryptocurrencies through the lenses of Twitter by applying various
analytical methods to answer the research questions. The study used 1724328 tweets to research
the user interaction on the cryptocurrencies Bitcoin, Ethereum, Dogecoin, and Uniswap. In
order to answer the research questions, the Social set analysis framework was utilized,
supported by sentiment and emotion analysis for further analysis on users and events. The
analytical objective for conducting a Social set analysis was to identify user’ interactions on

Twitter with reference to cryptocurrencies.

The core findings show that user interactions indeed differ between larger and smaller coins,
and that half of the sentiments were positive across all cryptocurrency datasets. However,
smaller coins have more positive sentiments than larger coins, and mostly expressed happy
emotions, while the larger coins mostly expressed fear. Further, the user analysis shows that
there are more unique users in common between the larger coins, and that the users have a
higher tweet frequency and volume compared to the unique users in common in the smaller
coins. The findings in the event study revealed that the users have a temporal change in

sentiments and emotions in the face of events and have significant impact on user interactions.

The findings have implications of practice for future studies on cryptocurrencies. For instance,
extending the time frame for collecting data can allow researchers to conduct more
comprehensive studies. In addition, the findings have implications of practice for small
investors, interested parties, and those who are new to the world of cryptocurrency. The
dynamic relationship between social media and user interaction on cryptocurrencies can
influence decision-making. Social media is indeed a platform where users can share opinions,
sentiments, and emotions despite the various points of view. Since the findings revealed that
the cryptocurrencies have a close relationship to their respective categories, it can be valuable

for investors to assess the different cryptocurrencies in context to each other.

Another implication of practice is that the analysis can help investors be more aware of their
financial interests by studying the public's opinions about cryptocurrencies. Moreover, how the

public’s opinions, sentiments, and emotions differ between smaller coins and larger coins. On
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the other hand, we get to see the influence and effect of social media. Furthermore, the findings
also have implications for social media analytics in terms of user-generated content and user-
perspective in several fields of research. For instance, businesses may consider the various
perspective of their users by extracting collective interactions and intelligence from Twitter

users, and further utilizing the information to analyze their various characteristics.

The thesis contributes to demonstrating the possibilities and effectiveness of the Social set
analysis framework to analyze and visualize a massive amount of social media data and user-
generated data that is created in social media platforms such as Twitter. Another contribution
is to the body of knowledge by explaining the connection between social media and
cryptocurrency. In addition, the thesis contributes to literature on social media analytics by

extracting, analyzing and interpreting social media data.
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D. Code Implementation

1. Data scraping

#import libraries
import snscrape.modules.twitter as
sntwitter import pandas as pd

maxTweets = 20000

# List to append tweet data
tweets_list =[]

keyword=['ethereum’, 'eth’]

for i,tweet in enumerate(sntwitter. TwitterSearchScraper(f'{keyword} + since:2020-01-01
until:2020-01-31 lang:en’).get_items()):
if i>maxTweets:
break
tweets_list.append([tweet.date, tweet.id, tweet.content, tweet.user.username])

# Creat dataframe from tweets list
tweets_df = pd.DataFrame(tweets_list, columns=['Datetime’, Tweet Id', 'Text', ‘Username’)

2. Data pre-processing

#import libraries

import preprocessor as p

import pandas as pd

import re

from nltk.tokenize import RegexpTokenizer

EMO_UNICODE = {}
UNICODE_EMO = {v: k for k, vin EMO_UNICODE.items()}

def convert_emaojis(text):
for emot in UNICODE_EMO:

text=re.sub(r'('+emot+""," ".join(UNICODE_EMO[emot].replace(",","").replace(":","").split()

), text)
return text
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#Create space between emoji
import emoji

def extract_emaojis(text):
return ".join((" +c+'") if ¢ in emoji. UNICODE_EMOJI['en’] else ¢ for c in text)

df[ Text'] = df. Text.apply(extract_emojis)

# Passing both functions to Text'
df[ Text’] = df. Text.apply(convert_emojis)

#Remove urls

def remove_urls(text):
url_pattern = re.compile(r'https?:/AS+www\.\S+')
return url_pattern.sub(r", text)

df[ Text] = df[' Text'].str.replace(r'\s*@\w+', ", regex=True)
def clean_data(dataframe):
#replace URL of a text
df[ Text] = df[' Text'].str.replace(http[s]?://(?:[a-zA-Z]|[0-9]|[$-_@.&+]|['*\(\),]|(?:%[0-9a-
fA-F][0-9a-fA-F]))+, ' ")

clean_data(df)
print(df[' Text);

#Remove stopwords
from gensim.parsing.preprocessing import remove_stopwords

def stopword_removal(row):
Text = row[ Text']
Text = remove_stopwords(Text)
return Text

df[' Text'] = df.apply(stopword_removal, axis=1)

#Remove extra white spaces
df[ Text'] = df[ Text'].str.replace('\s\s+', ' )

#Remove punctuation except apostrophe and exclamation mark
df["Text"] = df[ Text].str.replace('["\W\s\I\’T',")

#Removes all numbers
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df[ Text] = df['Text"].str.replace('\d+', ")
#Remove duplicates
df.drop_duplicates(subset ="Text", keep="first", inplace = True)

df = df.sort_values(by="Datetime")
df.head()

3. UpSet plot

#import libraries

import pandas as pd

from matplotlib import pyplot as plt
from upsetplot import plot

Users = pd.read_csv('Users.csv', sep=";")
grouping = Users.groupby(['ETH','BTC','US','DOG'])['Count_Users'].sum()

fig = plt.figure(figsize=(15, 7))
plot(grouping, fig=fig, show_counts=True, element_size=None)
plt.show()

4. Sentiment analysis

VADER

#import libraries

import nltk

nltk.download('vader_lexicon’)

from nltk.sentiment.vader import Sentimentintensity Analyzer
sid = SentimentintensityAnalyzer()
nltk.download('punkt’)
nltk.download(‘averaged_perceptron_tagger’)
nltk.download('wordnet')
nltk.download('vader_lexicon’)

from nltk.tokenize import TweetTokenizer
import pandas as pd

df= pd.read_csv('Ethereum-tweets.csv')
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df[ Text] = df[ Text"].astype('str’)
df['scores’] = df['Text'].apply(lambda Text: sid.polarity_scores(Text))

df['‘compound'] = df ['scores’].apply(lambda score_dict: score_dict['‘compound])
df ['sentiment_type']="

df.loc[df.compound>0,'sentiment_type‘]='Positive'
df.loc[df.compound==0,'sentiment_type']='Neutral’
df.loc[df.compound<0,'sentiment_type‘]="Negative'

df.head()

Textblob

#import libraries

import pandas as pd

import numpy as np

import textblob as TextBlob # for doing sentimental analysis
import re # regex for cleaning the tweets

from nltk.sentiment.vader import Sentimentintensity Analyzer
from nltk.sentiment.util import

from textblob import TextBlob

from nltk import tokenize

df= pd.read_csv('Ethereum-tweets.csv')
from textblob import TextBlob
df["sentiment_score"] = df["Text"].apply(lambda x: TextBlob(str(x)).sentiment.polarity)

df["sentiment”] = np.select([df["sentiment_score"] < 0, df["sentiment score™] == 0,
df["sentiment_score"] > 0],

['Negative', 'Neutral','Positive'])
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5. Emotion analysis

#import libraries

import pandas as pd
import text2emotion as te
import seaborn as sns

df= pd.read_csv('Ethereum-tweets.csv')

emotion_2=[]
for i in df["Text"].values.tolist():
emotions = te.get_emotion(i)
# print(emotions)
keymax =max(emotion, key=emaotion.get)
emotion_2.append(keymax)
#print(emotion_2)

df[ Text2emotion']= emotion_2

df[ Text2emotion'].value_counts()
df[ Text2emotion'].describe()

#plot
sns.set_theme(style="whitegrid")
sns.countplot(df[' Text2emotion'],order

= df["Text2emotion"].value_counts(hormalize=True).index)

6. User analysis

#Tweet volume
df['Datetime’] = pd.to_datetime(df['Datetime'])
vol = df.groupby(pd.Grouper(key='Datetime’,freq="d")).size().reset_index(name="tweet_vol’)

vol['tweet_vol'].describe()

#Volume plot
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vol['Datetime'] = pd.to_datetime(vol['Datetime'])

vol = vol.set_index('Datetime’)

plt = plt.subplot2grid((5,4), (0, 0), rowspan=3, colspan=4)
plt.plot(vol.index, vol["tweet_vol"])

plt.gcf().set_size _inches(10,10)

#Prices

import warnings

warnings.filterwarnings(‘ignore’) # Hide warnings
import datetime as dt

import pandas as pd

pd.core.common.is_list_like = pd.api.types.is_list_like
import pandas_datareader.data as web

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

import matplotlib.dates as mdates

import plotly.express as px
start = dt.datetime(2020, 1, 1)
end = dt.datetime(2022,1,31)

#UNI

uni = web.DataReader("UNI1-USD", 'yahoo', start, end)
uni.reset_index(inplace=True)

crypto= uni[['Date’,’Adj Close1]

crypto= crypto.rename(columns = {'Adj Close":'UNI'})
crypto["UNI"]= uni["Ad]j Close"]

# ploting the adjusted closing price

fig, axs =plt.subplots(2,2,figsize=(16,10),gridspec_kw ={'hspace". 0.2, 'wspace": 0.1})
axs[0,0].plot(crypto[UNI])

axs[0,0].set_title(UNI)
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axs[0,1].plot(crypto[' DOGE')
axs[0,1].set_title(DOGE")
plt.show()

7. Event study

df[ Text2emotion'].value_counts()
df[ Text2emotion'].describe()
df['sentiment’].value_counts()
df['sentiment’].describe()
df['Username'].describe()

df['Username].value_counts()

from matplotlib import pyplot as plt

from upsetplot import plot

fig = plt.figure(figsize=(15, 7))

plot(grouping, fig=fig, show_counts=True, element_size=None,facecolor="darkblue™)

plt.show()

8. Descriptive analysis

#import libraries

import pandas as pd

import nltk

from nltk.tokenize import word_tokenize
from nltk.tokenize import RegexpTokenizer
from nltk.stem import WordNetLemmatizer
from nltk.corpus import stopwords

from gensim.parsing.preprocessing import remove_stopwords
from collections import Counter

from nltk import ngrams

from collections import Counter

import matplotlib.pyplot as plt

import seaborn as sns
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df= pd.read_csv('Ethereum-tweets.csv')
df[ Text’] = df[' Text"].str.lower()

df[ Text].describe()
print(stopwords.words(‘english’))

def stopword_removal(row):
Text = row[ Text']
Text = remove_stopwords(Text)
return Text

df[' Text'] = df.apply(stopword_removal, axis=1)

df'tokens'] = df.apply(lambda row: nltk.word_tokenize(row[ Text]), axis=1)
df.head()

# Generate the Bitcoin N-grams where N=2
df_Text ="".join(df. Text)

df_processed = word_tokenize(df_Text)
df_ngrams = Counter(ngrams(df_processed, n=2))
print(dict(df_ngrams.most_common(10)))

# Generate top 10 words

def token_count(tokens, N=10):
"""Returns the top N tokens from the frequency count"""
return Counter(tokens).most_common(N)

# Get the top 10 words
df top10 = token_count(df_processed)
df topl0

#Visualization histogram

df= df['Text]

df = pd.DataFrame(df)

description_list = df['Text"].values.tolist()

word_frequency = Counter(" ".join(description_list).split()).most_common(10)
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# Most frequent token returns a list of (word, count) tuples
words = [word for word, _ in word_frequency]
counts = [counts for _, counts in word_frequency]

plt.figure(figsize=(15,8))

plt.bar(words, counts, color='blue’)
plt.title("10 most frequent tokens Ethereum")
plt.ylabel("Frequency")

plt.xlabel("Words")

plt.show()

#calculating average tweet length and word count

import numpy as np

dff'text_len'] = df[ Text'].astype(str).apply(len)

df['text_word_count'] = df[' Text'].apply(lambda x: len(str(x).split()))
print("Average length of tweets ", round(np.mean(df['text_len')))
print("Average word counts of tweets", round(np.mean(df['text_word_count’)))

df['text_word_count'].describe()
dff'text_len'].describe()

%matplotlib inline
plt.figure(figsize=(5,5))

doc_lens = [len(d) for d in df. Text]
plt.hist(doc_lens, bins = 100)
plt.xlim([0, 300));
plt.ylabel('Number of Tweets')
plt.xlabel("Tweets character length’)
sns.despine();

# time series

sns.set(style='whitegrid', palette="muted’, font_scale=1.2)
reactions = data.groupby(['Datetime']).count()

ax = reactions.Text.plot(figsize=(10,5),Is="-",color="blue")
ax.xaxis.grid(True)

ax.yaxis.grid(True)
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